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Abstract

This study introduces a predictive model based on artificial neural networks (ANNs) for
estimating the dynamic performance of commercially available sensible thermal energy
storage (STES) systems. The model was trained and validated using high-resolution experi-
mental data measured from two vertical cylindrical tanks (0.3 m3 each) including internal
heat exchangers and operating under both heating and cooling modes. A comprehen-
sive sensitivity analysis was conducted on 28 ANN architectures by varying the number
of hidden neurons and input delays. The optimal configuration, designated as ANN5
(12 neurons, delay = 1), demonstrated superior accuracy in predicting temperature profiles
and energy exchange. Validation against an independent dataset confirmed the model’s
robustness, achieving normalized root mean square errors (NRMSEs) between 0.0022 and
0.0061 for the hot tank and between 0.0057 and 0.0283 for the cold tank. Energy prediction
errors were within −3.87% for charging and 0.09% for discharging in heating mode, and
7.08% for charging and 0.13% discharging in cooling mode, respectively. These results
highlight the potential of ANN-based approaches for real-time control, forecasting, and
digital twin applications in STES systems.

Keywords: sensible thermal energy storage; thermal stratification; predictive model;
experimental field performance; artificial neural network; energy system simulation

1. Introduction
Thermal energy storage (TES) systems are essential for decoupling energy genera-

tion from consumption, enabling short-term storage of thermal energy at low or high
temperatures for later use. These systems improve energy efficiency by storing surplus
energy during off-peak periods and releasing it during peak demand, thereby reducing
operational costs and enhancing system reliability. This capability is particularly critical
for integrating intermittent renewable sources, such as solar energy, into smart low-carbon
buildings [1]. TES technologies are generally classified into three categories: sensible,
latent, and thermochemical storage. Among these, sensible thermal energy storage (STES)
is the most widely adopted due to its simplicity, cost-effectiveness, and environmental
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compatibility [2,3]. STES systems store energy by varying the temperature of a storage
medium without inducing a phase change, making them easier to control and maintain
compared to latent or chemical alternatives. In recent decades, STES has gained significant
attention for its role in solar energy utilization, renewable integration, and greenhouse
gas mitigation [4–6]. Moreover, investigating and understanding STES behavior under
transient conditions is very important as it significantly influences the performance of the
energy systems in which they are used [7]. According to Elsheikh et al. [8] and Ji et al. [9],
experimental investigations are crucial for validating the performance of energy systems,
but they are inherently limited by the significant time and resource expenditure required
to conduct an adequate number of tests. Furthermore, empirical findings are often con-
strained by a limited set of boundary conditions and parameter ranges, thereby restricting
their general applicability. These limitations underscore the necessity of employing robust
and detailed simulation models. ASHRAE Handbook [10] recognizes two different main
approaches in developing simulation models of energy systems: the forward approach
and the data-driven approach. The objective of forward approach models is to use known
model structures and parameters to predict the model outputs under specified inputs. On
the other hand, the objective of data-driven methods is to derive a mathematical description
of a system and estimate its parameters by leveraging empirical data from its measured
inputs and outputs. The forward approach for STESs depends on complex differential
equations that govern the behavior of the storage medium [11,12]; related models use
simplifications, and approximation methods are often applied; the determination of system
parameters (such as the heat conduction and convection coefficients) for these models
sometimes needs complicated measurements [11]. The data-driven approaches are classi-
fied into two primary groups [9]: the black-box approach and the gray-box approach. The
black-box approach involves creating a regression model, either simple or multivariate, to
directly correlate the system’s outputs to its input parameters. Conversely, the gray-box
approach first formulates a physical model to represent the system’s physical configuration
and subsequently uses statistical analysis to identify and estimate its important parameters.
Unlike gray-box models, black-box models do not require a very detailed knowledge of
the system’s physical characteristics or explicit parameter measurements; they learn the
relationships between the model inputs and outputs by analyzing previously recorded
performance data [13]; this makes the black-box approach simpler, less computationally in-
tensive, and more accurate than the gray-box approach, particularly for systems exhibiting
highly dynamic behavior or complex processes [11].

Artificial neural networks (ANNs) have emerged as a powerful tool. Inspired by bio-
logical neural systems, ANNs can capture nonlinear relationships and dynamic interactions
between system inputs and outputs [13]. Their ability to generalize from historical data
makes them well-suited for predicting STES system performance under diverse operating
conditions. Each network consists of one input layer, one or more hidden layers, and
one output layer. Each hidden layer consists of a number of neurons, with each neuron
connected with the neurons of the previous and the next layers via connections called
synapses. Each synapse has a weight which is multiplied by its own input; all the weighted
inputs are then summed in addition to an external bias; then, an activation function is
applied to this summation. ANNs are trained based on input data to predict one or more
outputs; this happens by comparing the predicted outputs with the target outputs and
modifying the weights and the biases accordingly via an iterative process. The iterations
(which are called epochs) continue until the difference between the predicted and target
outputs reaches a predefined value or after a predefined number of epochs; in addition,
randomly selected data points are used for validation in order to prevent overfitting and
maintain the network generalization (avoiding it to become specific for the data used
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during the training process). Analytical models rely on simplified assumptions that limit
accuracy when applied to realistic systems involving nonlinear thermal behavior and tran-
sient operating conditions [14,15]. Computational fluid dynamics (CFD) models provide
high-fidelity predictions, but require extensive computational resources, detailed geometri-
cal information, and complex meshing, making them impractical for resolving transient
heat transfer and fluid dynamics within TESs [14,15]. In contrast, the proposed ANN model
overcomes these limitations by learning the complex thermal interactions directly from
data, providing accurate predictions without restrictive assumptions; it provides rapid
predictions once trained, requiring only a small set of measurable weather and operating
parameters as inputs [14,15].

According to Sioshansi et al. [16], STES systems face several unresolved modeling chal-
lenges. First, accurately representing the physical behavior of STES systems is difficult, as
efficiency and heat losses vary over time and are often oversimplified in simulation models.
Second, the modeling process can be computationally demanding due to the interactions
between system components and boundary conditions. Third, realistic representation of
operational constraints is necessary to ensure that the model reflects actual system per-
formance. On the other hand, ANNs have emerged as promising and innovative tools
for addressing these challenges, as they can reduce computational time and provide high
accuracy and reliability in predicting the performance of complex energy systems [12]. The
application of ANNs for modeling energy systems has garnered substantial research inter-
est. Elsheikh et al. [8], Kalogirou [13], and Ji et al. [9] highlighted dozens of scientific works
that adopted ANNs in solar, heating, ventilation, air-conditioning, and power-generation
systems, as well as load-forecasting applications.

1.1. ANN-Based Models of STESs: Literature Review

A substantial body of research has been conducted with the objective of developing
ANN-based models for STESs. Amarasinghe et al. [17] presented a control framework
based on ANNs to control the operation of a water STES with the aim of optimizing
the usage of thermal energy stored and, therefore, reducing energy costs. Lee et al. [18]
developed two separate ANN-based networks to model a chilled water STES as well as a
borehole heat exchanger. In particular, the data required by the ANN-based network for
the STES were derived by using a physics-based multi-node model; they used a total of
960,000 data points (70% of these data points were used for training, 15% for validation,
and 15% for testing the ANNs). The temperatures at the top and bottom of the STES were
considered as target outputs of the ANN-based network. The ANN-based model for the
STES was developed via the MATLAB platform [19] using the feed-forward network with
the Levenberg–Marquardt algorithm as the training function, the sigmoid function as the
activation function for hidden layers, and the linear function as the activation function
for the output layer. They optimized the ANN-based network by considering multiple
combinations of different model inputs, hidden layers, and neurons in each layer. The best
results were achieved in the case of a ANN architecture consisting of 22 inputs, 2 hidden
layers, and 30 neurons per each hidden layer, which yielded a coefficient of determination
equal to 0.999 and a root mean square error equal to 0.0204 ◦C while comparing predicted
and target values. Siahoui et al. [20] studied the thermal performance of an underground
vertical cylindrical cold-water STES via both an analytical approach and an ANN-based
model. Both the diameter and the height of the storage were equal to 12 m. The multi-
layer feed-forward network training was adopted as the back propagation algorithm
for the ANN. The tangent sigmoid function was adopted as the transfer function in the
hidden layer, while the linear function was considered as the transfer function in the
output layer. The desired outputs were the temperatures at specified levels of the tank.
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Siahoui et al. [20] investigated various training functions to optimize their ANN-based
model. Their results showed that the minimum error was produced by a descent approach
with a variable learning rate and momentum. Additionally, they performed an optimization
of the network’s hidden layer, establishing an optimal neurons number of 20. A good
agreement was found between the experimental data and the results predicted by the ANN-
based method. Diez et al. [21] developed an ANN-based model to predict the performance
of a solar-heated water STES with no fluid flowing either into or out of the tank. The
tank was a vertical cylinder with a capacity of 150 L, and it contained an internal heat
exchanger connected with a solar collector. The tank was located inside a lab with almost
constant ambient temperature around it. Temperatures were recorded at eight layers inside
the tank with a time step of 10 min. The ANN-based model was expected to predict the
future temperatures at the above-mentioned eight layers inside the tank starting from the
corresponding temperatures measured at the previous time step used as inputs. The model
was developed using the MATLAB neural network toolbox [19]; it consisted of 8 inputs
and 8 outputs, with 16 neurons in the hidden layer, and the hyperbolic tangent sigmoid
was adopted as the transfer function in the hidden layer and the linear function was used
in the output layer. Géczy-Víg and Farkas [11] used ANNs to study the stratification inside
a vertical water 0.15 m3 STES used for domestic hot-water application. The STES was
connected with a solar thermal collector through an internal heat exchanger. The authors
collected the data with a sampling interval of 1 min during the period between July 5
and December 22 of 2006. An ANN-based model with eight neurons in the hidden layer
was used to predict the water temperature corresponding to eight different layers inside
the tank. The modeling was performed using the MATLAB neural network toolbox [19].
The Levenberg–Marquardt algorithm was adopted for training, and the tangent–sigmoid
function was adopted as the transfer function. A set of 30,943 data points were used.
The average deviation between target and model outputs was 0.24 ◦C with a coefficient of
determination equal to 0.9966. In [22], Géczy-Víg and Farkas used the same system and data
collected in the same period of [11] with the main aim of studying the effect of the sampling
interval on the accuracy of the ANN-based model; in particular, sampling intervals of 1,
2, 5, 10, 30, and 60 min were considered. The average deviation between predicted and
target values was reduced from 0.76 ◦C in the case of a sampling time of 60 min down
to 0.08 ◦C in the case of a sampling time equal to 1 min. Kalogirou et al. [23] trained an
ANN-based model of a solar domestic water-heating system integrated with a cylindrical
STES to predict the useful energy that can be extracted, as well as the temperature rise in the
tank. Data were collected from 33 case studies differing in terms of solar thermal collector
area, open or closed system, horizonal or vertical STES, and storage capacity (which varies
between 100 L and 200 L); 3 of these case studies were randomly selected for validating
the ANN-based model, while the other 30 case studies were considered with the aim of
training and testing the ANN-based model. The maximum percentage error corresponding
to the case studies used for the ANN-based model validation ranged from 7.1% up to
9.7%. Souliotis et al. [24] combined an ANN-based model with a model developed via the
dynamic simulation software TRNSYS [25] to study a STES prototype used for storing solar
energy. The tank was a horizontal cylinder with a radius of 0.36 m and a length of 1.01 m.
The target output of the ANN-based model was the mean storage temperature, while the
month, the ambient temperature, the wind speed, the total solar irradiation on the thermal
collector, and the incident angle of solar radiations were used as inputs. Both training and
testing datasets included data taken during the day (when solar energy was charged) as
well as during the night (where natural cooldown took place), while discharging periods
were not considered. The ANN-based model was connected with the software TRNSYS to
model the annual performance of the system under a typical meteorological year in Athens
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(Greece). The time step for both the ANN-based model and the TRNSYS model was 30 min.
Yaïci and Entchev [12] built an ANN-based model to predict the performance of a solar
thermal energy system for domestic hot-water and space-heating applications by using
experimental data. The system consisted of two flat-plate solar collectors, a 183 L vertical
water STES, a propane-fired tank as auxiliary system, an air-handling unit, and a city water
reservoir with a capacity of 1000 L. The ambient air temperature, solar irradiation, and tank
temperatures at six different layers at previous time step were used as inputs, while the
outputs included the above-mentioned six tank temperatures, the heat input from solar
collectors, and the auxiliary heat input at the current time step. Experimental tests were
conducted, with each test covering a period of 24 h with a time step of 1 min. A total of
82 summer days and 73 winter days in the period from March 2011 to December 2012
in Ottawa (Canada) were selected for developing the ANN; 70% of the data was used
for training, 15% for validation, and 15% for testing. The model was developed using
the MATLAB neural network toolbox [19]. Yaïci and Entchev [12] optimized the ANN
architecture and found that the best learning algorithm was the Levenberg–Marquardt
and the optimum number of neurons in the hidden layer was 20. The mean relative errors
between the predicted and the experimental tank temperatures were within the range
1.09% ÷ 1.18% with reference to the testing dataset.

Previous studies have demonstrated the effectiveness of ANN-based models for
temperature stratification prediction and energy performance estimation in TES sys-
tems [11,12,18,20–24]. However, the existing research often suffers from limitations, such as
low temporal resolution, restricted operational modes, and insufficient validation against
independent datasets [11,12,18,20–24]. These investigations showed significant variation in
their experimental setups and methodologies. The geometric configurations of the STESs
were vertical cylindrical [11,12,20–23], with some exceptions including a vertical rectangular
cuboid [18] and horizontal designs [23,24]. Furthermore, a notable disparity existed in the
scale of the systems, with Siahoui et al. [20] and Lee et al. [18] modeling large-scale STESs
for seasonal storage (1357 m3 and unspecified volume, respectively), while the remaining
studies focused on smaller-scale systems (ranging from 0.1 m3 [23] to 0.4112 m3 [24]). The
data used to train and validate these models also varied, with one study relying on data
from physics-based models [18] and the other seven utilizing empirical data [11,12,20–24].
The experimental conditions under which data were collected were inconsistent, encom-
passing discharging mode only [20], both charging and discharging modes [18], natural
cooldown only [21], both charging and natural cooldown [24], or normal operational use
covering all modes implicitly [11,12,22] (Kalogirou et al. [23] did not specify the STES
operation they tested). The measurement time steps for data acquisition ranged from
1 min [12] to 10 days [20], with one study specifically examining the effect of the time
step on model performance [22]. While most studies focused on hot STESs [11,12,21–24],
there are only two developed models for cold STES systems [18,20]. The modeling was
performed in the MATLAB environment [19] in several cases [11,12,18,21,22], though other
researchers [20,23,24] did not specify the software they utilized. In Diez et al. [21], the
experimental setup was located inside a lab with almost constant ambient temperature
around it, while the STESs considered in [11,12,18,20,22–24] were exposed to the real out-
side weather conditions. Crucially, most studies verified their models using a separate
independent dataset [11,12,21–24], a practice not consistently followed across all research.
Furthermore, only two studies [12,20] conducted a sensitivity analysis on both the training
functions and the number of neurons in the hidden layers to optimize the ANN-based
model and minimize the corresponding errors.

Wang et al. [26] introduced a short-term energy consumption forecasting approach
for cold storage refrigeration systems employing long short-term memory (LSTM) neural
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networks. When benchmarked against alternative models, including cascade correla-
tion neural networks (CCNNs), bidirectional LSTM (BiLSTM), and gated recurrent units
(GRUs), the LSTM-based framework exhibited superior predictive performance, achiev-
ing an improvement in the coefficient of determination (R2) ranging from 0.306 to 0.475.
Cheng et al. [27] further enhanced traditional LSTM architecture by coupling it with tem-
poral convolutional networks (TCNs) to improve one-hour ahead single-step forecasting,
while incorporating an attention mechanism to strengthen multi-step predictions over
8 h and 24 h horizons. The proposed Attention-TCN-LSTM model was evaluated against
three neural network architectures and two conventional machine-learning models across
multiple temporal scales. The findings indicated that the proposed approach can reduce
the root mean square error (RMSE) by 17.74% to 34.26% and increase the R2 metric by 3.54%
to 9.36%. Saikia et al. [28] developed an artificial intelligence-based model grounded in
nonlinear auto-regressive networks with exogenous inputs (NARX) to estimate the state of
charge and outlet temperature of ice storage tanks in thermal energy networks, achieving
higher accuracy and faster computation compared to physics-based models. Similarly,
Badji et al. [29] applied machine-learning techniques to forecast greenhouse temperature
control in Phase Change Material (PCM)-based thermal energy storage systems, where
the NARX model demonstrated consistently high prediction accuracy across all evaluated
scenarios. NARX explicitly models dependence on past inputs and outputs, which aligns
naturally with energy balance and heat propagation, without learning opaque long-term
memory mechanisms; NARX is theoretically grounded for nonlinear dynamic systems
with feedback [30]. In comparison to NARX, other sequence models introduce complexity
that is often unnecessary for control-oriented thermal storage applications [31]; compared
to other sequence models, NARX typically requires far fewer parameters and less data
to generalize well [32]. Moreover, training and deploying NARX is lightweight and ro-
bust, while LSTM/GRU/TCN often require careful architecture design, hyperparameter
search, and more computation for marginal gains in this domain [28]. For STES with
stratification-driven temporal dynamics, NARX offers a better bias-variance trade-off and
stronger physical alignment than more recent sequence models, whose additional flexibility
is often unnecessary [31].

1.2. Novelty and Goals of the Work

This study addresses critical gaps in the scientific literature. To address these gaps,
this study develops a robust ANN-based predictive model for commercially available
STES units using high-resolution experimental data. The proposed model aims to char-
acterize system behavior across all operational modes (charging, discharging, heat-up,
and cooldown) under both heating and cooling conditions. A comprehensive sensitivity
analysis is conducted on multiple ANN architectures to identify the optimal configura-
tion. Furthermore, the model’s generalization capability is rigorously evaluated using
an independent verification dataset, ensuring its applicability for real-world scenarios.
The outcomes of this research provide a foundation for advanced applications such as
real-time control, forecasting, fault detection, and digital twin development in building
energy systems [33].

The model’s foundation is a comprehensive experimental training dataset collected
from 0.3 m3 vertical cylindrical tanks (with an internal heat exchanger (IHX)) at the SENS i-
Lab of the Department of Architecture and Industrial Design of the University of Campania
Luigi Vanvitelli. This training dataset captures real-world thermal storage and stratification
characteristics within a fully monitored environment, encompassing eight distinct opera-
tional modes: hot/cold charging, heat-up/cooldown, hot/cold discharging, simultaneous
discharging/charging. These data were recorded with a high temporal resolution (5 s
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or 1 min) using a water–ethylene glycol mixture (6% by volume) as a heat carrier fluid
(HCF). A systematic sensitivity analysis was conducted on 28 different ANN architectures
by varying the number of hidden layer neurons and the input delay; the ANN architectures
were developed using the MATLAB neural network toolbox [19] by means of the training
database. They were designed to predict current HCF temperatures at four internal tank
levels, the tank outlet, and the IHX outlet. Inputs included the HCF temperatures at the
same positions, along with the HCF temperatures and the volumetric flowrates at both
the tank and IHX inlets, as well as the outside air temperature from the previous time
steps. The optimal ANN configuration, designated as ANN5 (12 neurons in the hidden
layer together with a delay equal to 1), was selected thanks to its best performance. The
accuracy of this ANN5-based model was furthermore verified by comparing its outputs
against an additional, independent experimental dataset (called the verification database)
performed on the same experimental setup with a temporal resolution of 5 s, which was
obtained while the STES system was actively supplying heating or cooling power to a fan
coil unit in a laboratory test room. This research builds upon the previous study [33], which
developed a calibrated and validated physics-based TRNSYS 18 model [25,34] of the same
experimental system analyzed in this paper.

The existing literature [11,12,18,20–24] on using ANNs for dynamic modeling of STES
systems reveals several limitations. Most studies have focused on vertical cylindrical units
of scales varying from 0.1 m3 to 1357 m3. A significant gap exists in the comprehensive
coverage of operational modes; previous research has often been limited to a single mode,
with only a few studies encompassing all possible modes. Furthermore, research on STES
operation under the cooling mode has been particularly scarce, with existing works focusing
exclusively on large-scale seasonal systems (leaving a gap for short-term applications).
Another key limitation of previous studies is the data resolution (which has been shown to
influence model performance), with measurement time steps ranging from 1 min to 10 days.
Additionally, a comprehensive parametric study to identify the optimal ANN architecture
has not been a consistent feature of these studies, and a few have only performed a limited
sensitivity analysis. Crucially, a significant research void exists in the rigorous verification
of ANN-based models against an independent set of experimental data not used during
the initial training, validation, and testing phases; this practice is essential for establishing
the models’ generalizability and reliability.

This work represents a significant advancement in data-driven modeling of STES
systems with respect to the above-mentioned limitations considering the following:

• With respect to prior limited ANN tank-stratification studies, the proposed model cov-
ers all possible operating modes of STESs (heat-up/cooldown, charging, discharging,
and simultaneous discharging/charging) under both cooling and heating operation.
In addition, it is based on data measured with a reduced sampling interval (5 or
60 s); moreover, the ANN-based model developed in this study is obtained by per-
forming a comprehensive parametric study to identify its optimal architecture and its
performance is also verified against an independent experimental dataset.

• This research overcomes the limitations of physics-based/digital-twin approaches
that (i) rely on simplified assumptions limiting the model accuracy when applied to
realistic systems and (ii) require extensive computational resources/time and detailed
information, making them quite impractical to resolve transient heat transfer and fluid
dynamics within storage STESs.

The key aims of the present investigation are outlined below:

• Characterize the performance of a typical commercially available short-term STES
across a comprehensive range of operating modes and boundary conditions.

https://doi.org/10.3390/en19030690

https://doi.org/10.3390/en19030690


Energies 2026, 19, 690 8 of 47

• Develop, validate, and test a predictive ANN-based model that accurately captures
the dynamic thermal performance of the STES using high-resolution experimen-
tal measurements.

• Conduct a detailed parametric study of 28 different ANN architectures to identify the
optimal configuration for enhanced predictive accuracy.

• Provide an experimentally verified model to the scientific community for real-time
control, forecasting, fault detection and diagnosis, and digital twin acceleration of
typical STESs.

The paper is structured as follows. Section 2 provides a brief description of the experi-
mental setup and testing procedures. Section 3 details the comprehensive experimental
tests and the resulting dataset. The methodology for the ANN-based model is presented in
Section 4, including its parameters, inputs, and outputs in Section 4.1. Section 4.2 describes
the evaluation of 28 different ANN-based models. The performance of the optimal ANN
configuration is then evaluated in terms of temperature prediction and energy perfor-
mance in Section 4.3. The additional verification experiments simulating typical daily
tanks’ operations (charging, discharging, and simultaneous discharging/charging) are
detailed in Section 5.1. Finally, Section 5.2 presents a comparison between the predicted
outputs of the selected ANN model and the measured results from these two independent
verification tests.

2. Experimental Setup
This section illustrates the experimental apparatus installed at the SENS i-Lab of the

Department of Architecture and Industrial Design (located in Aversa in southern Italy) of
the University of Campania Luigi Vanvitelli as well as its sensors. Figure 1 shows the setup
used in this study as well as its main components.

 

RS
HP

HT
CT

Figure 1. Picture of the experimental apparatus of the SENS i-Lab.

The core of the experimental setup is represented by two identical vertical cylindrical
tanks, where one of them is used as the hot tank (HT), while the other one is tested as the
cold tank (CT). These tanks are commercially available (model PUIW-3 [35]). Both tanks
consist of mild steel with rigid polyurethane insulation of 35 mm (covered by a layer of
PVC); their interior volume is 0.3 m3. Each tank contains an immersed heat exchanger
(IHX) made of carbon steel; the IHX is characterized by an exterior surface area SAIHX of
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1 m2 together with an outer tube diameter Dout,IHX of 32 mm. Each tank has one outlet
and one inlet. The geometry of the tanks is described in Figure 2, which also shows (i) the
height and external diameter of the tanks, (ii) the heights of the tank’s outlet and inlet,
(iii) the IHX outlet and inlet, and (iv) the installation positions of the devices measuring the
HCF temperature at four distinct heights into the CT (TCT1, TCT2, TCT3, and TCT4) as well
as into the HT (THT1, THT2, THT3, and THT4). The thermal conductivity of the tank’s wall is
50 W/mK, while the IHX wall thermal conductivity is 45 W/mK; the thermal conductivity
of insulating material (rigid polyurethane) is 0.023 W/mK.

  

(a) (b) 

THT1

THT2

THT3

THT4

mm

325A
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IHX outlet
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Tank outlet
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Air Discharge

IHX_CT Tank inlet

Figure 2. Geometric characteristics of the tanks: (a) hot tank, (b) cold tank.

The whole setup, described in Figure 3, is characterized by a cooling circuit (in blue) as
well as a heating loop (in red). The CT is part of the cooling circuit, while the heating loop
includes the HT. The HT and the CT are connected to the cold and hot loops, respectively,
via their IHXs. The HCF is a mixture of water and ethylene glycol (about 6% by the volume)
flowing into both loops.

An electric air-to-water heat pump (HP), with a 13.8 kW rated heating power, is
connected to a 0.075 m3 internal hot tank (IHT); the HP is run to keep the temperature
within the IHT at the appropriate level. Through a closed circuit that includes pump P1
(which has a rated volumetric flowrate of 2.3 m3/h), the IHT is linked to the internal heat
exchanger of the HT (IHX_HT). A fan coil unit (FC), which is situated inside the SENS
i-Lab’s integrated test room for heating purposes, receives the HCF from the HT via pumps
P3 and P4. An electric air-to-water refrigerating system (RS), with a rated cooling power of
13.6 kW, is connected to the 0.075 m3 internal cold tank (ICT); the RS is turned on to keep
the ICT at the appropriate temperature. Through a closed circuit that includes pump P2
(which has a rated volumetric flowrate of 2.3 m3/h), the ICT is coupled with the internal
heat exchanger of the CT (IHX_CT). Pumps P3 and P4 move the HCF from the CT into the
FC, which lowers the air temperature within the SENS i-Lab’s integrated test room. The
inlet of the FC (which has a rated cooling power of 8.25 kW and a rated heating power of
11.68 kW [36]) can be alternatively connected to the outlet of the HT or the CT; the inlet of
the HT and CT could be alternatively joined to the outlet of the FC. Eight valves (v1, v2, v3,
v4, v5, v6, v7, and v8) manage the flow streams in the loops, making it possible to switch
between the cooling circuit and heating circuit.
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Figure 3. Schematic of the experimental setup.

The experimental setup is fully instrumented to monitor and record the key perfor-
mance parameters, including (i) the HCF temperature at different levels into the CT (TCT1,
TCT2, TCT3, and TCT4) and the HT (THT1, THT2, THT3, and THT4), (ii) the temperature of the
HCF leaving and entering the IHX_CT (Tout,IHX,CT and Tin,IHX,CT, respectively) and the
IHX_HT (Tout,IHX,HT and Tin,IHX,HT, respectively), (iii) the HCF temperature at the outlet
and the inlet of the CT (Tout,CT and Tin,CT, respectively) and the HT (Tout,HT and Tin,HT,
respectively), (iv) the temperature of the HCF leaving and entering the HP (Tout,HP and
Tin,HP, respectively), the RS (Tout,RS and Tin,RS, respectively), and the FC (Tout,FC and Tin,FC,
respectively), (v) the outdoor air temperature TOA, (vi) the ethylene glycol percentage
%Vglycol of the HCF into the tanks, (vii) the HCF volumetric flowrate passing through the
IHX_CT (Vin,IHX,CT), the IHX_HT (Vin,IHX,HT), and the FC (Vin,FC). The HCF volumetric
flowrate passing through the FC (Vin,FC) is equal to the HCF volumetric flow entering the
HT (Vin,HT) or the CT (Vin,CT); in addition, it should be underlined that the HCF volumetric
flow entering the HT or the CT is equal to the HCF volumetric flow exiting the HT (Vout,HT)
or the CT (Vout,HT), respectively. The measured parameters together with the measuring
range and the accuracy of the sensors used in the experimental setup are detailed in Table 1.
With reference to the outdoor air temperature measurement TOA, it should be noted that a
shielded sensor mounted at a height of 2.4 m above the ground and positioned 0.7 m away
from the STES tanks has been used. In addition, it should be highlighted that all sensors
have been purchased as calibrated by the corresponding manufacturers according to spe-
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cific calibration protocols/standards. Further information on the experimental apparatus is
provided in [33].

Table 1. Measuring range and accuracy of sensors.

Parameters Sensor Measurement Range Sensor Accuracy

Temperature TOA of outdoor air [37] −40 ◦C ÷ 60 ◦C ±0.2 ◦C at 20 ◦C

Temperature TRoom of air into the test room [38] −10 ◦C ÷ 60 ◦C ±0.5 ◦C

Volumetric flowrate Vin,FC of HCF entering the FC [39] 0.7 dm3/s ÷ 0.88 dm3/s ±0.34% of reading

Volumetric flowrate Vin,IHX,HT of HCF entering the IHX_HT [39]
0.2 dm3/s ÷ 2.46 dm3/s ±0.33% of reading

Volumetric flowrate Vin,IHX,CT of HCF entering the IHX_CT [39]

Temperature Tin,HT of the HCF at the HT inlet [40]

−4.68 ◦C ÷ 59.24 ◦C

±(0.0004·Tin,HT + 0.0186) ◦C

Temperature Tout,HT of the HCF at the HT outlet [40] ±(0.0004·Tout,HT + 0.0186) ◦C

Temperature Tin,CT of the HCF at the CT inlet [40] ±(0.0004·Tin,CT + 0.0186) ◦C

Temperature Tout,CT of the HCF at the CT outlet [40] ±(0.0004·Tout,CT + 0.0186) ◦C

Temperature Tin,IHX,HT of the HCF at the IHX_HT inlet [40] ±(0.0004·Tin,HT,IHX + 0.0186) ◦C

Temperature Tout,IHX,HT of the HCF at the IHX_HT outlet [40] ±(0.0004·Tout,IHX,HT + 0.0186) ◦C

Temperature Tin,IHX,CT of the HCF at the IHX_CT inlet [40] ±(0.0004·Tin,IHX,CT + 0.0186) ◦C

Temperature Tout,IHX,CT of the HCF at the IHX_CT outlet [40] ±(0.0004·Tout,IHX,CT + 0.0186) ◦C

Temperature THT1 of the HCF at the HT top node [40] ±(0.0004·THT1 + 0.0186) ◦C

Temperature THT2 of the HCF at the HT node 2 [40] ±(0.0004·THT2 + 0.0186) ◦C

Temperature THT3 of the HCF at the HT node 3 [40] ±(0.0004·THT3 + 0.0186) ◦C

Temperature THT4 of the HCF at the HT bottom node [40] ±(0.0004·THT4 + 0.0186) ◦C

Temperature TCT1 of the HCF at the CT top node [40] ±(0.0004·TCT1 + 0.0186) ◦C

Temperature TCT2 of the HCF at the CT node 2 [40] ±(0.0004·TCT2 + 0.0186) ◦C

Temperature TCT3 of the HCF at the CT node 3 [40] ±(0.0004·TCT3 + 0.0186) ◦C

Temperature TCT4 of the HCF at the CT bottom node [40] ±(0.0004·TCT4 + 0.0186) ◦C

Temperature Tin,HP of the HCF at the HP inlet [40] ±(0.0004·Tin,HP + 0.0186) ◦C

Temperature Tout,HP of the HCF at the HP outlet [40] ±(0.0004·Tout,HP + 0.0186) ◦C

Temperature Tin,RS of the HCF at the RS inlet [40] ±(0.0004·Tin,RS + 0.0186) ◦C

Temperature Tout,RS of the HCF at the RS outlet [40] ±(0.0004·Tout,RS + 0.0186) ◦C

Temperature Tin,FC of the HCF at the FC inlet [40] ±(0.0004·Tin,FC + 0.0186) ◦C

Temperature Tout,FC of the HCF at the FC outlet [40] ±(0.0004·Tout,FC + 0.0186) ◦C

Percentage by volume %Vglycol of glycol in the HCF [41] 0 ÷ 100% ±0.5% of reading

Two independent datasets have been developed: the “training database” that has
been used to train, validate, and test the 28 ANN architectures analyzed in Section 4 and
the “verification database” that is used to verify the performance of the optimal ANN5-
based model.

3. Experimental Training Tests
Four distinct independent experiments were conducted on both the HT and the CT

to investigate the four major operational modes of the STESs. These tests included the
following: (i) a heat-up experiment for the HT and a cooldown experiment for the CT;
(ii) a dedicated charging test for both tanks; (iii) a dedicated discharging test for both
tanks; (iv) a test with simultaneous discharging/charging of the HT and the CT. Each
experiment was conducted under transient outdoor conditions, and the duration of each
test was set to achieve a steady-state condition in the tanks. This steady-state condition was
operationally defined as the point at which the temperature difference between the current
measurement at any tank node and the arithmetic mean of the associated temperatures over
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the preceding 30 min was less than 0.2 ◦C. The resulting experimental dataset (called the
training database) for the CT and the HT are presented in Sections 3.1 and 3.2, respectively,
and was used to train, validate, and test the 28 ANN architectures presented in Section 4.
Additional details regarding the experimental tests can be found in [33].

3.1. Experimental Training Tests on the Cold Tank

Table 2 summarizes the experimental details for the natural heat-up, charging, dis-
charging, and simultaneous discharging/charging of the independent training experiments
of the CT, including the starting date/time, the ending date/time, the total test duration,
the number of recorded samples, and the corresponding sampling interval.

Table 2. Dataset summary of the four CT training tests.

Natural Heat-Up
Experiment

Charging
Experiment

Discharging
Experiment

Simultaneous
Discharging/Charging

Experiment

Starting date (dd/mm/yyyy) 09/05/2022 06/05/2022 20/04/2022 21/04/2022
Starting time (hh:mm:ss) 18:24:08 09:38:29 15:03:12 13:10:36

Ending date (dd/mm/yyyy) 15/05/2022 06/05/2022 20/04/2022 21/04/2022
Ending time (hh:mm:ss) 02:43:38 18:35:26 18:59:51 18:46:47

Total duration (min) 7699.0 529.5 233.0 331.0
Number of samples 7700 6355 2797 3973

Sampling interval (s) 60 5 5 5

The natural heat-up experiment of the CT corresponds to the time during which
the CT stores the maximum possible energy, in the absence of cooling energy demand.
During this test, the CT was initially fully charged via the cold HCF (flowing through
the IHX_CT) provided by the RS (operating constantly during the entire workday) at the
lowest attainable homogeneous temperature (around 8 ◦C); then, the test was initiated
by maintaining both the CT outlet/inlet and the IHX_CT outlet/inlet completely closed
through the whole duration of the test. Figure 4 reports the HCF temperatures at the four
distinct nodes of the CT (TCT1, TCT2, TCT3, and TCT4) as well as the temperature of outdoor
air around the CT (TOA) upon varying the time during the whole experiment.
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Figure 4. HCF temperatures at the four distinct nodes of the CT (TCT1, TCT2, TCT3, and TCT4) and
outside air temperature (TOA) in the case of the natural heat-up experiment of the CT.
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The charging experiment of the CT represents the time during which cooling energy is
stored in the CT, while cooling energy is not required. During this experiment, the CT was
initially filled via the HCF (with a homogeneous temperature of around 17.5 ◦C) achieved
after three days of not using the CT. Following that, the RS was activated and the charging
experiment of the CT was initiated by moving the cold HCF (provided by the RS) into the
IHX_CT during the whole duration of the experiment, while both the outlet and inlet of the
CT were always kept fully closed. Figure 5a shows the measured HCF temperatures (TCT1,
TCT2, TCT3, and TCT4) at the four distinct nodes of the CT and the HCF temperature exiting
(Tout,IHX,CT) and entering (Tin,IHX,CT) the IHX_CT upon varying the time; the temperature
(TOA) of the outdoor air around the CT as well as the volumetric flowrate (Vin,IHX,CT) of the
HCF passing through the IHX_CT are indicated in Figure 5b.
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Figure 5. Measured HCF temperatures at the four distinct nodes (TCT1, TCT2, TCT3, and TCT4) of the
CT as well as at the inlet/outlet of the IHX_CT (Tin,IHX,CT and Tout,IHX,CT) (a); outside air temperature
(TOA) and volumetric flowrate (Vin,IHX,CT) of the HCF flowing into the IHX_CT (b) during the CT
charging experiment.

During the discharging experiment of the CT, cooling energy is required but it is not
stored. In this experiment, the CT was initially filled via the HCF, exhibiting a homogeneous
temperature of around 12.5 ◦C (which was the minimum achievable temperature while
operating the RS constantly for approximately four hours to finish the experiment within
the workday); then, the test was initiated by completely closing both the inlet and the outlet
of the IHX_CT during the entire experiment, while always keeping the inlet and the outlet
of the CT (coupled with the FC) open. The cold HCF stored in the CT was moved into the
FC to lower the air temperature within the test room. Figure 6a describes the measured
HCF temperatures (TCT1, TCT2, TCT3, and TCT4) at the four distinct nodes of the CT, as
well as the HCF temperature entering (Tin,CT) and exiting (Tout,CT) the CT; the temperature
(TOA) of the outside air around the CT together with the volumetric flowrate (Vin,FC) of the
HCF flowing through the FC are indicated in Figure 6b upon varying the time.

The simultaneous discharging/charging experiment of the CT corresponds to the
time during which cooling energy is simultaneously stored into the CT and provided to
end-users. During this experiment, the CT was initially filled via the HCF, characterized by
a homogeneous temperature of around 11 ◦C (which represented the minimum achievable
temperature while running the RS constantly for approximately four hours to finish the test
within the workday); then, the RS was turned on and the test was initiated by completely
opening both the outlet and the inlet of the IHX_CT (linked to the RS) as well as both
the outlet and the inlet of the CT (linked to the FC) during the entire experimental test.
Figure 7a reports the measured HCF temperatures (TCT1, TCT2, TCT3, and TCT4) at the four
distinct nodes of the CT, the HCF temperature exiting (Tout,IHX,CT) and entering (Tin,IHX,CT)
the IHX of the CT, and the HCF temperature exiting (Tout,CT) and entering (Tin,CT) the CT,
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while Figure 7b shows the temperature (TOA) of outdoor air around the CT, the volumetric
flowrate (Vin,FC) of the HCF flowing through the FC, and the volumetric flowrate (Vin,IHX,CT)
of the HCF passing into the IHX_CT upon varying the time.
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Figure 6. Measured HCF temperatures at the four distinct nodes of the CT (TCT1, TCT2, TCT3, and
TCT4) as well as at the inlet/outlet of the CT (Tin,CT and Tout,CT) (a); temperature of outside air (TOA)
and volumetric flowrate of the HCF flowing into the FC (Vin,FC) (b) over the discharging experiment
of the CT.
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Figure 7. Measured HCF temperatures (TCT1, TCT2, TCT3, TCT4, Tin,IHX,CT, Tout,IHX,CT, Tin,CT,
and Tout,CT) (a); temperature of outside air (TOA) and volumetric flowrate of the HCF flowing
through the FC system (Vin,FC) and the IHX_CT (Vin,IHX,CT) (b) during the simultaneous discharg-
ing/charging experiment.

3.2. Experimental Training Tests on the Hot Tank

Table 3 reports a detailed description of the natural cooldown, the charging, the
discharging and the simultaneous discharging/charging of the independent training ex-
periments of the HT, including the starting date/time, the ending date/time, the total test
duration, the number of recorded samples, and the corresponding sampling interval.

The natural cooldown test was designed to quantify the passive thermal energy loss
of the HT when fully charged and isolated from any thermal energy demand. During this
experiment, the HT was first brought to a state of maximum energy storage by circulating
hot HCF supplied by a heat pump, through the IHX_HT, until a homogeneous temperature
of approximately 48 ◦C was achieved. Subsequently, the test commenced with all inlets
and outlets for both the HT and the IHX_HT being completely closed for the whole test
duration. Figure 8 indicates the HCF temperatures at the four distinct vertical nodes within
the HT (THT1, THT2, THT3, and THT4) and the outdoor air temperature (TOA) around the HT
upon varying the time.

https://doi.org/10.3390/en19030690

https://doi.org/10.3390/en19030690


Energies 2026, 19, 690 15 of 47

Table 3. Dataset summary of the four HT training tests.

Natural Cooldown
Experiment

Charging
Experiment

Discharging
Experiment

Simultaneous
Discharging/Charging

Experiment

Starting date (dd/mm/yyyy) 13/04/2022 05/05/2022 11/04/2022 12/04/2022
Starting time (hh:mm:ss) 11:43:35 09:25:02 13:18:38 12:15:28

Ending date (dd/mm/yyyy) 18/04/2022 05/05/2022 11/04/2022 12/04/2022
Ending time (hh:mm:ss) 17:28:27 16:13:30 18:34:23 17:57:27

Total duration (min) 7559.0 403.0 312.0 337.0
Number of samples 7560 4837 3745 4045

Sampling interval (s) 60 5 5 5
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Figure 8. HCF temperatures at the four distinct vertical nodes of the HT (THT1, THT2, THT3, and THT4)
and outdoor air temperature (TOA) during the natural cooldown experiment of the HT.

The charging experiment of the HT was conducted to represent an energy storage
period with no concurrent thermal demand. The experiment began with the HT filled with
an HCF at a homogeneous temperature of around 25 ◦C. This initial condition was chosen
to be consistent with similar charging tests in a previous study by Angrisani et al. [42]
performed with a temperature of approximately 21 ◦C at the lowest node and around 27 ◦C
at the highest node. The initial temperature is also close to the temperature (approximately
23 ◦C) used by Nash et al. [43]. Once the initial temperature was achieved, the HP was
activated, and the charging of the HT was initiated by circulating the hot HCF through the
IHX_HT during the whole experiment. Throughout the experiment, both the outlet and
inlet of the HT were kept fully closed. The HCF temperatures at four distinct vertical nodes
within the HT (THT1, THT2, THT3, and THT4), along with the temperatures at the IHX inlet
(Tin,IHX,HT) and outlet (Tout,IHX,HT), are measured upon varying the time (Figure 9a). Simul-
taneously, the outdoor air temperature (TOA) around the HT and the volumetric flowrate
(Vin,IHX,HT) of the HCF through the IHX_HT are also recorded over time (Figure 9b).

The discharging experiment of the HT represents the time during which thermal
energy is required without a simultaneous charging event. During this experiment, the HT
was initially filled thanks to the HCF and achieved a homogeneous temperature of around
41 ◦C. This initial condition was selected to be consistent with the initial temperature range
(38 ◦C ÷ 48 ◦C) used in similar discharging tests carried out by Nash et al. [43]. An initial
temperature of around 41 ◦C was achieved by operating the HP constantly for around four
hours to finish the experiment within the workday. Subsequently, the test initiated with
both the outlet and the inlet of the IHX_HT fully closed. Concurrently, the HT’s main inlet
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and outlet, which were connected to a fan coil unit (FC), were kept open for the whole test
duration, allowing the stored hot HCF to circulate and provide space heating. Figure 10a
shows the measured HCF temperatures at the four nodes of the HT (THT1, THT2, THT3,
and THT4), as well as the HCF temperature entering (Tin,HT) and exiting (Tout,HT) the HT.
Figure 10b shows the outside air temperature (TOA) around the HT and the volumetric
flowrate of the HCF flowing through the FC (Vin,FC) upon varying the time.
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Figure 9. Measured HCF temperatures at the four nodes (THT1, THT2, THT3, and THT4) of the HT as
well as at the inlet/outlet of the IHX_HT (Tin,IHX,HT and Tout,IHX,HT) (a); temperature of outdoor air
(TOA) and volumetric flowrate of HCF flowing into the IHX_HT (Vin,IHX,HT) (b) during the charging
experiment of the HT.
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Figure 10. Measured HCF temperatures at the four nodes of the HT (THT1, THT2, THT3, and THT4) as
well as at the inlet/outlet of the HT (Tin,HT and Tout,HT) (a); temperature of outdoor air (TOA) and
volumetric flowrate of the HCF flowing into the FC (Vin,FC) (b) over the HT discharging experiment.

The simultaneous discharging/charging experiment of the HT represents the time
during which thermal energy is simultaneously stored into the tank and supplied to end-
users. During this experiment, the HT was initially filled with the HCF and achieved a
homogeneous temperature of around 43 ◦C. This temperature level was selected to be
consistent with the initial conditions used in the similar simultaneous discharging/charging
experiment carried out by Nash et al. [43], which featured a temperature range of 38 ◦C to
41 ◦C. The initial temperature of around 43 ◦C was reached by operating the HP constantly
for around four hours (to finish the experiment within the workday). The test then initiated
with the HP activated, as well as both the outlet and the inlet of the IHX_HT (interfaced
with the HP) and both the outlet and the inlet of the HT (connected to the FC) fully opened
for the duration of the experiment. Figure 11a shows the measured HCF temperatures
at the four distinct nodes (THT1, THT2, THT3, and THT4) of the HT, the HCF temperature
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leaving (Tout,IHX,HT) and entering (Tin,IHX,HT) the IHX_HT, and the HCF temperature exiting
(Tout,HT) and entering (Tin,HT) the HT. Figure 11b presents the corresponding measurements
of the outdoor air temperature (TOA) of the hot tank together with both the volumetric
flowrate (Vin,FC) of the HCF passing through the FC and the volumetric flowrate (Vin,IHX,HT)
of the HCF passing into the IHX_HT upon varying the time.
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Figure 11. Measured HCF temperatures (THT1, THT2, THT3, THT4, Tin,IHX,HT, Tout,IHX,HT, Tin,HT,
and Tout,HT) (a); temperature of outdoor air (TOA) and volumetric flowrate of the HCF flowing
through the FC system (Vin,FC) and the IHX_HT (Vin,IHX,CT) (b) during the HT simultaneous dis-
charging/charging experiment.

4. ANN Models
The predictive model was developed using the MATLAB Neural Network Toolbox [19],

with the primary objective of accurately forecasting temperature stratification within the
storage tanks and temperatures at both the tank outlet and the internal heat exchanger
outlet. The approach adopted in this study is based on a nonlinear auto-regressive model
with exogenous inputs (NARX), which is well-suited for dynamic systems exhibiting
temporal dependencies. The ANN was initially trained, validated, and tested by using the
dataset collected from experimental tests for both HT and CT, as described in Section 4. To
further establish the model’s robustness, its predictive accuracy is subsequently verified
against an independent dataset acquired during the tank’s operation as an integrated
component of a full heating/cooling system, as depicted in Figure 3.

4.1. Architectures of ANN Models

The NARX-based ANN predicts the system’s outputs at the current time step by
leveraging both previous outputs (responses) and previous inputs (predictors) within a
specified delay window. The NARX model is mathematically represented by the following
relationship between the response y(t) and the predictors:

y(t) = f(x(t − 1), . . . , x(t − d), y(t − 1), . . . , y(t − d)) (1)

where f is the nonlinear function learned by the ANN during the training process.
For each tank, the model responses, or target outputs, include six key temperature

measurements:

• The HCF temperatures at the four distinct vertical nodes into the CT (TCT1, TCT2, TCT3,
and TCT4) and the HT (THT1, THT2, THT3, and THT4);

• Response 5 is the HCF temperature at the IHX exit of the CT and HT (Tout,IHX,CT and
Tout,IHX,HT, respectively);
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• Response 6 corresponds to the temperature at the CT and HT outlets (respectively,
Tout,CT and Tout,HT).

• The following five primary predictor variables for both the CT and the HT have been
used as predictors:

• Predictor 1 represents the temperature at the IHX inlet of both the CT and the HT
(Tin,IHX,CT and Tin,IHX,HT, respectively);

• Predictor 2 corresponds to the flowrate at the IHX inlet of both cold and hot tank
(Vin,IHX,CT and Vin,IHX,HT, respectively);

• Predictor 3 is the temperature at the CT and HT inlet (respectively Tin,CT and Tin,HT);
• Predictor 4 represents the HCF volumetric flowrate at the tank exit, which is equal to

the HCF volumetric flowrate flowing into the FC (Vin,FC);
• Predictor 5 corresponds to the outdoor air temperature TOA.

This means that the model has 11 inputs, which are the above-mentioned predic-
tors and responses, and 6 outputs, which are the above-mentioned responses. Figure 12
highlights the inputs and outputs of the ANN model, as well as the model’s architecture.
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Figure 12. Architectures of the 28 ANN models.

The selection of the model inputs was based on the physical behavior of the system
governing transient thermal dynamics. Vin,FC characterizes the cooling/heating load going
towards the end-user, which directly affects thermal energy discharge. Vin,IHX and Tin,IHX

represent the thermal energy that is being charged into the tanks via the IHX, and they
are the primary drivers of dynamic change; as noted in Section 5.2, the largest model
deviations occur during rapid flowrate fluctuations. The IHX and tank inlet temperatures
define the thermal potential being introduced to the system; they are essential for the model
to identify the system operation (heating or cooling) and the magnitude of the thermal
gradient. The temperature at the tanks’ inlet represents an active boundary condition that
directly affects the four tank nodes’ temperatures. The temperatures at the four internal
nodes and the two outlets from the previous time steps are the most critical for maintaining
the model’s memory; they capture the system’s thermal inertia, which is the primary driver
of temperature at any given time step due to the large thermal mass capacity of the tanks.
TOA is essential for characterizing the passive thermal energy exchange between the tanks
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and the surrounding environment; taking into account that the tanks are not adiabatic
(even if they are insulated), TOA is the sole driver of temperature change during the natural
cooldown and natural heat-up training experiments (even if its impact is slower compared
to active flowrates). The selected network has one input layer, one hidden layer, and
one output layer. The transfer function is a sigmoid function in the hidden layer and a
linear function in the output layer. Levenberg–Marquardt algorithm has been adopted for
training, and the performance parameter is the mean square error (which means that the
ANN is trained to produce the lowest possible MSE). The training process is in open-loop,
and it was implemented by setting a maximum limit of 1000 epochs. To ensure the network
did not overfit the training data, an early stopping patience of six validation checks was
applied which means that the training was automatically stopped if the validation MSE
did not decrease for six consecutive iterations. Initial weights and biases were assigned
using the Nguyen–Widrow initialization, which is the default option in the MATLAB
environment for sigmoid hidden layers. This method distributes the initial active regions
of the neurons evenly across the input space, leading to faster and more stable convergence.
The experimental dataset was partitioned into training (70%), validation (15%), and testing
(15%) subsets, following best practices in similar studies [12,18]. Data allocation was
performed randomly by the MATLAB Neural Network Toolbox at the sample level to
maintain statistical representativeness. During training, the toolbox employs an early
stopping criterion based on the validation performance to prevent overfitting, ensuring that
the final weights correspond to the minimum validation error rather than the minimum
training error.

To optimize the network architecture, 28 distinct ANN configurations (labeled ANN1
through ANN28) are systematically developed and analyzed using the MATLAB Neural
Network Toolbox [19] of the STESs. The only parameters varied across these networks
are the number of neurons in the single hidden layer and the input delay. The specific
architectures for each of the 28 models are detailed in Table 4, which highlights the number
of hidden layer neurons and the corresponding delay.

All ANN models are trained, validated, and tested on a combined experimental dataset
from both the CT and the HT, intentionally disregarding the distinction between tank types.
The decision to combine the datasets from both cold and hot tanks into a single training
dataset was based on both physical and methodological justifications. From a physical
point of view, the experimental setup consists of two vertical cylindrical tanks with identical
volume, construction, insulation, and sensor type and placement. Because the physical
geometry and sensor type/placement are identical, the underlying thermal dynamics,
such as stratification and heat losses, follow the same physical laws in both tanks. From a
methodological point of view, training on a combined dataset allows the ANNs to learn the
fundamental relationship between inputs and the resulting nodes’ temperatures across a
much wider temperature gradient than if they were trained on a single tank (this prevents
the model from being limited to a specific temperature range and instead forces it to learn
the universal physics of sensible heat storage). The data from the various operational
modes described in Section 3 were concatenated in a specific sequence for this purpose.
Data were combined as discrete, chronological experimental blocks rather than shuffled
at the row level, taking into account that shuffling individual data points can destroy the
temporal memory necessary for the network to learn about thermal inertia of the tanks
(an early stopping criterion during training was employed to prevent the model from
simply memorizing transitions within the sequence). This approach is employed to assess
the model’s capacity to generalize and accurately predict the temperature outputs for a
generic STES, independent of its designated hot or cold thermal duty.
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Table 4. Architectures of the 28 ANN models.

ANN-Based Model ID Number of Neurons in the Hidden Layer Delay

ANN1 8 1
ANN2 8 2
ANN3 8 4
ANN4 8 6
ANN5 12 1
ANN6 12 2
ANN7 12 4
ANN8 12 6
ANN9 16 1

ANN10 16 2
ANN11 16 4
ANN12 16 6
ANN13 20 1
ANN14 20 2
ANN15 20 4
ANN16 20 6
ANN17 24 1
ANN18 24 2
ANN19 24 4
ANN20 24 6
ANN21 28 1
ANN22 28 2
ANN23 28 4
ANN24 28 6
ANN25 32 1
ANN26 32 2
ANN27 32 4
ANN28 32 6

4.2. Performance of ANN Models vs. The Experimental Training Database

The ANN architecture consisted of one input layer, a single hidden layer, and one out-
put layer. A total of 28 ANN configurations were evaluated using combined datasets from
both hot and cold tanks. Table 4 shows performance metrics including the error (∆TErr,i),
average error (AE), average absolute error (ABE), mean square error (MSE), root mean
square error (RMSE), normalized RMSE (NRMSE), and the coefficient of determination
(R2). These errors are calculated using the equations provided below and the values are
detailed in Tables A1–A3 in Appendix A for the above-mentioned ANN models:

∆TErr,i = TANN,i − Texp,i (2)

AE =

(
∑N

i=1 ∆TErr,i

)
N

(3)

ABE =
∑N

i=1|∆TErr,i|
N

(4)

MSE =
∑N

i=1(∆TErr,i)
2

N
(5)

RMSE =
√

∑N
i=1 (∆TErr,i)

2/N (6)

NRMSE =
RMSE(

Texp,max − Texp,min
) (7)
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R2 = 1 − ∑N
i=1

(
Texp,i − TANN,i

)2

∑N
i=1

(
Texp,i − Texp

)2 (8)

where N represents the overall number of measured points, Texp,i and TANN,i, respectively,
which are the measured and the predicted temperatures at time step i, Texp is the arithmetic
mean of temperatures measured during the entire test duration, and Texp,max and Texp,min

are the highest and the lowest recorded temperatures during the experiments, respectively.
Tables A1–A3 in Appendix A show the values of the above-mentioned metrics for

each of the six outputs associated with each of the 28 ANN models; taking into account
that the ANN models have been trained, validated, and tested based on the combined
experimental datasets of both the CT and the HT; the values reported in Tables A1–A3 are
identical for both STESs. The best and worst performances within each row are highlighted
to facilitate comparison in Tables A1–A3. The results in this table show the following:

• All of the ANN models achieve very high performances.
• The best value of AE is 0 ◦C and is recorded in the case of ANN1 for node 3, while the

worst AE is 3342·10−5 ◦C recorded in the case of ANN23 for the same node 3.
• The best ABE is 5·10−3 ◦C for node 4 in the case of ANN5 and for the outlet of the tank

in the case of ANN3, ANN5, and ANN21, while the worst ABE is 41·10−3 ◦C achieved
in the case of ANN27 at the outlet of the IHX.

• The best value of MSE is 5·10−5 ◦C2 in the case of ANN5 for both node 4 and the outlet
of the tank, while the worst MSE is 1612·10−5 ◦C2 corresponding to the case of ANN16
at the outlet of the IHX.

• The best RMSE is 7·10−3 ◦C for both node 4 and the outlet of the tank in the case of
ANN5, while the worst RMSE is 127·10−3 ◦C obtained at the IHX outlet for ANN16;
in comparison to the other ANN architectures, the ANN5-based model provides the
highest values of RMSE for nodes 1, 2, and 4, as well as the outlet of the tank.

• The best NRMSE is 2·10−4 achieved in the case of ANN5 for nodes 1, 2, and 4, as well
as the outlet of the tank. The same value is obtained in the case of ANN21 for node 2
and the tank outlet, as well as in the case of ANN2, ANN18, and ANN22 at the tank
outlet; the worst NRMSE is 28·10−4 recorded at the IHX outlet for ANN16.

• R2 value is always larger than 0.9999273 for all temperatures, regardless of the number
of neurons in the hidden layer as well as the delay value. The highest value of R2 is
obtained with ANN5 for nodes 1, 2, and 4, as well as the outlet of the tank.

Since near-perfect accuracy was achieved with a shallow structure, increasing the
number of hidden layers would provide no measurable gain in predictive power. On the
other hand, a single hidden layer requires significantly fewer weight optimizations and
shorter training times than a deeper architecture (multi-hidden layers). That is why only
single hidden layer architectures were investigated.

The results presented in Tables A1–A3 demonstrate that the ANN5 architecture consis-
tently achieved the best values of RMSE, NRMSE, and R2 at tank nodes 1, 2, and 4 as well
as the tank outlet, while the ANN1 architecture showed the best performance in terms of
RMSE, NRMSE, and R2 for tank node 3 and the IHX outlet. Taking into account that in this
research RMSE, NRMSE, and R2 are considered the most significant metrics and that ANN5
achieved the best values of these metrics with reference to the majority of measurement
points (4 out of 6), the overall analysis led to the selection of ANN5 as the optimal network
architecture for this study.

4.3. Performance of the ANN5 Model vs. The Experimental Training Database

To identify the optimal ANN configuration, a comprehensive parametric study was
conducted on 28 architectures, varying the number of neurons in the hidden layer (8–32)
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and the input delay (1–6). These configurations, labeled ANN1 through ANN28, were
systematically evaluated using combined datasets from both hot and cold tanks. The
decision to merge datasets was based on the physical similarity of the tanks and the
methodological advantage of exposing the network to a broader temperature range, thereby
improving generalization. The ANN5 architecture was selected as the optimal configuration
based on its consistent superiority across key metrics. The performance of ANN5 has been
further assessed by comparing the predicted and the measured temperatures via the
parameter ∆TErr,i defined by Equation (2) for each of the six outputs defined in Section 4.1
as a function of the experiment for both tanks. The positive sign of ∆TErr,i means that
ANN5 overestimates the measured values and vice versa. Figure 13 shows the values of
∆TErr,i for the hot tank upon varying the type of experimental test, while Figure 14 reports
the values of ∆TErr,i for the cold tank upon varying the type of experiment.
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Figure 13. Values of ∆TErr,i for ANN5 upon varying the time during the training experiments for the
HT: (a) cooldown experiment, (b) charging experiment, (c) discharging experiment, (d) simultaneous
discharging/charging experiment.

These figures highlight the following:

• Regarding the cooldown experiment of the HT (Figure 13a), ∆TErr,i stays within the
range −0.025 ◦C ÷ 0.025 ◦C for nodes 1, 2, 3, and 4.

• With respect to the charging experiment of the HT (Figure 13b), the highest ∆TErr,i

values are achieved at the IHX_HT outlet (fluctuating from a lowest value of −0.12 ◦C
up to a maximum value of 0.12 ◦C). The values of ∆TErr,i for nodes 1, 2, and 4 are equal
to about 0.04 ◦C at the beginning and then keep within the range −0.02 ◦C ÷ 0.02 ◦C.

• For the discharging experiment of the HT (Figure 13c), the values of ∆TErr,i for nodes
1, 2, 3, and 4 and the outlet of the HT are in the range of −0.07 ◦C ÷ −0.01 ◦C at the
beginning and then remain between −0.02 ◦C and 0.02 ◦C.
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• With respect to the simultaneous discharging/charging experiment of the HT
(Figure 13d), the highest ∆TErr,i values are recorded for node 3 and the IHX_HT outlet
(ranging between a lowest value of −0.07 ◦C up to a maximum value of 0.09 ◦C); the
values of ∆TErr,i are equal to about −0.03 ◦C at the beginning and then remain within
the range −0.01 ◦C ÷ 0.01 ◦C for nodes 1, 2, and 4 and the outlet of the HT.

• During the heat-up experiment of the CT (Figure 14a), ∆TErr,i for nodes 1, 2, 3, and
4 keep within the range −0.02 ◦C ÷ 0.02 ◦C for the majority of the experiment, then
they drop down to about 0.1 ◦C at the end of the experiment.

• For the charging experiment of the CT (Figure 14b), the highest ∆TErr,i values are
recorded at the IHX_CT outlet, with a minimum value of around −0.1 ◦C and a
maximum value of around 0.06 ◦C. The data of ∆TErr,i for the nodes 1, 2, and 4 stay
within the range −0.02 ◦C ÷ 0.02 ◦C.

• With respect to the discharging experiment of the CT (Figure 14c), the values of ∆TErr,i

begin with values around 0.03 ◦C in the case of nodes 1, 2, 3, and 4 and the tank outlet;
then, they all continue fluctuating between −0.015 ◦C and 0.015 ◦C.

• During the simultaneous discharging/charging experiment of the CT (Figure 14d),
the highest ∆TErr,i values are obtained at the IHX_CT outlet, with data ranging from
the lowest value of −0.08 ◦C up to the highest value of 0.04 ◦C. ∆TErr,i values vary
between −0.01 ◦C and 0.01 ◦C for the majority of the test for nodes 1 and 4 and the
tank outlet.
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Figure 14. Values of ∆TErr,i for ANN5 upon varying the time during the training experiments for the
CT: (a) heat-up experiment, (b) charging experiment, (c) discharging experiment, (d) simultaneous
discharging/charging experiment.

To better characterize the differences between the predictions of ANN5 and the experi-
mental measurements for each experiment, the metrics defined by Equations (3)–(8) have
been calculated. Tables A4 and A5 in Appendix A report the values of the above-mentioned
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metrics upon varying the type of experiment for the HT and the CT, respectively. The
blank cells in these tables correspond to the physically irrelevant measurements at each
individual experiment. For example, there is no flow through IHX nor through the tank
outlet in the cooldown experiment of the HT nor in the heat-up experiment of the CT; there-
fore, the parameters Tout,IHX,HT, Tout,HT, Tout,IHX,CT, and Tout,CT have no physical meaning
in these two experiments. The green shading in these tables has been given to the cells
associated with the best performance for each line, while the red shading has been assigned
to the worst performances. The main outcomes of Tables A4 and A5 can be summarized
as follows:

• For the HT, the AE values range between −78·10−4 ◦C at node 2 during the HT
discharging experiment to 52·10−4 at node 2 throughout the HT charging exper-
iment. The best values are −2·10−4 ◦C and 2·10−4 ◦C, associated with the tank
outlet and node 2, respectively, both recorded throughout the HT simultaneous dis-
charging/charging experiment. With reference to the CT, the values of AE range
between −16·10−4 ◦C (at node 1 and the IHX outlet through the charging experi-
ment) and 55·10−4 ◦C (at node 2 throughout the discharging experiment); the most
accurate prediction (AE = 0 ◦C) is observed at node 3 during the simultaneous dis-
charging/charging experiment.

• The lowest ABE for the HT is 3·10−3 ◦C at node 2 during the simultaneous discharg-
ing/charging experiment, while the highest ABE is 45·10−3 ◦C at the IHX outlet
during the same experiment (Table A4). In the case of the CT, ABE values range
from 2·10−3 ◦C at node 4 to 21·10−3 ◦C at the IHX outlet, both recorded during the
simultaneous discharging/charging experiment (Table A5).

• For the HT, the lowest MSE is 1·10−5 ◦C2, achieved at node 2 throughout the simulta-
neous discharging/charging experiment, while the maximum MSE is 629·10−5 ◦C2,
recorded at the IHX outlet throughout the charging experiment (Table A4). With
reference to the CT, MSE values vary from 1·10−5 ◦C2 at node 4 throughout the simul-
taneous discharging/charging experiment to 71·10−5 ◦C2 at the IHX outlet throughout
the same experiment (Table A5).

• The HT shows a minimum RMSE of 4·10−3 ◦C at node 2 throughout the simultaneous
discharging/charging experiment, and a maximum RMSE of 79·10−3 ◦C at the IHX
outlet throughout the charging experiment (Table A4). For the CT, RMSE ranges
from 3·10−3 ◦C at node 4 to 27·10−3 ◦C at the IHX outlet, both corresponding to the
simultaneous discharging/charging experiment (Table A5).

• With reference to the HT, the NRMSE lowest value of 3·10−4 occurs at nodes 1–4
during the cooldown experiment, while the peak of 220·10−4 corresponds to the IHX
outlet throughout the simultaneous discharging/charging experiment (Table A4). In
the case of the CT, NRMSE ranges from a minimum of 4·10−4 at node 4 throughout
the charging experiment to a maximum of 112·10−4 at the IHX outlet throughout the
simultaneous discharging/charging experiment (Table A5).

• According to Tables A4 and A5, the values of R2 are always larger than 0.9900936.
The lowest R2 values are observed for both the HT and CT during the simultaneous
discharging/charging experiment.

The values reported in Tables A4 and A5 indicate that there is an excellent match
between the ANN5 predictions and the measured values, confirming the accuracy of the
proposed model and its capability in accurately predicting the temperature trends at the six
thermometers’ locations across all experiments for both the CT and HT. These results are
consistent also with the findings of Soomro et al. [44] indicating a lowest MSE of 0.03 ◦C2

and a greatest R2 of 0.92.
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Moreover, the outputs predicted by the ANN5 model have also been contrasted with
the experimental data measured during the experiments described in Section 3 terms of
energy exchanged for both the HT and CT. In particular, (i) the predicted (ENc,HT,ANN)
and measured (ENc,HT,Exp) energy exchanged throughout the natural cooldown experi-
ment of the HT, (ii) the predicted (ECh,HT,ANN) and measured (ECh,HT,Exp) energy charged
into the HT during the charging experiment, (iii) the predicted (EDis,HT,ANN) and mea-
sured (EDis,HT,Exp) energy discharged from the HT throughout the discharging experiment,
(iv) the predicted (ENh,CT,ANN) and measured (ENh,CT,Exp) energy exchanged throughout
the natural heat-up experiment of the CT, (v) the predicted (ECh,CT,ANN) and measured
(ECh,CT,Exp) energy charged into the CT during the charging experiment, and (vi) the pre-
dicted (EDis,CT,ANN) and measured (EDis,CT,Exp) energy discharged from the CT during the
discharging experiment have been calculated as follows:

ENc,HT,ANN = ρ·cp·Vtank·
(
THT,t0 − THT,tf,ANN

)
(9)

ENc,HT,Exp = ρ·cp·Vtank·
(
THT,t0 − THT,tf

)
(10)

ECh,HT,ANN =
∫ tf

t0

PCh,HT,ANNdt =
∫ tf

t0

ρ·cp·Vin,IHX,HT·(Tin,IHX,HT − Tout,IHX,HT,ANN)dt (11)

ECh,HT,Exp =
∫ tf

t0

PCh,HT,Expdt =
∫ tf

t0

ρ·cp·Vin,IHX,HT·(Tin,IHX,HT − Tout,IHX,HT)dt (12)

EDis,HT,ANN =
∫ tf

t0

PDis,HT,ANNdt =
∫ tf

t0

ρ·cp·Vin,FC·(Tout,HT,ANN − Tin,HT)dt (13)

EDis,HT,Exp =
∫ tf

t0

PDis,HT,Expdt =
∫ tf

t0

ρ·cp·Vin,FC·(Tout,HT − Tin,HT)dt (14)

ENh,CT,ANN = ρ·cp·Vtank·
(
TCT,tf,ANN − TCT,t0

)
(15)

ENh,CT,Exp = ρ·cp·Vtank·
(
TCT,tf − TCT,t0

)
(16)

ECh,CT,ANN =
∫ tf

t0

PCh,CT,ANNdt =
∫ tf

t0

ρ·cp·Vin,IHX,CT·(Tout,IHX,CT,ANN − Tin,IHX,CT)dt (17)

ECh,CT,Exp =
∫ tf

t0

PCh,CT,Expdt =
∫ tf

t0

ρ·cp·Vin,IHX,CT·(Tout,IHX,CT − Tin,IHX,CT)dt (18)

EDis,CT,ANN =
∫ tf

t0

PDis,CT,ANNdt =
∫ tf

t0

ρ·cp·Vin,FC·(Tin,CT − Tout,CT,ANN)dt (19)

EDis,CT,Exp =
∫ tf

t0

PDis,CT,Expdt =
∫ tf

t0

ρ·cp·Vin,FC·(Tin,CT − Tout,CT)dt (20)

where Vtank is the tank volume, PCh,HT,ANN is the predicted thermal power charged into
the HT, PCh,HT,Exp is the measured thermal power charged into the HT, PDis,HT,ANN is the
predicted thermal power discharged from the HT, PDis,HT,Exp is the measured thermal
power discharged from the HT, PCh,CT,ANN is the predicted cooling power charged into
the CT, PCh,CT,Exp is the measured cooling power charged into the CT, PDis,CT,ANN is the
predicted cooling power discharged from the CT, PDis,CT,Exp is the measured cooling power
discharged from the CT, ρ and cp are, respectively, the density and the specific heat of the
HCF, the values of Vin,FC, Vin,IHX,HT, Vin,IHX,CT, Tin,HT, Tout,HT, Tin,IHX,HT, Tout,IHX,HT, Tin,CT,
Tout,CT, Tin,IHX,CT, and Tout,IHX,CT are derived during the tests, t0 and tf are, respectively,
the first and last time steps of the experiments, THT,t0 and THT,tf are the arithmetic averages
of the temperatures measured by the four sensors installed in the hot tank at the initial
(t0) and final (tf) time steps, respectively, and TCT,t0 and TCT,tf are the arithmetic averages
of the temperatures measured by the four sensors installed in the cold tank at the initial
(t0) and final (tf) time steps, respectively. THT,tf,ANN and TCT,tf,ANN are the arithmetic
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averages of the temperatures predicted by the ANN5-based model at nodes 1, 2, 3, and 4
of the hot tank and the cold tank, respectively, at the final time step (tf), Tout,HT,ANN and
Tout,IHX,HT,ANN are, respectively, the temperatures predicted by the ANN5-based model at
the HT outlet and the IHX_HT outlet, and Tout,CT,ANN and Tout,IHX,CT,ANN are, respectively,
the temperatures predicted by the ANN5-based model at the CT outlet and the IHX_CT
outlet. The values of density and specific heat of the HCF were determined using data from
the 2005 ASHRAE Handbook [45] according to the ethylene glycol concentration (that was
measured and assumed equal to 6% by volume). Average values of these thermophysical
properties over selected temperature intervals were adopted in this study in order to
simplify the calculation by taking into account that their variability with temperature
is reduced. Specifically, based on the operating scenarios of the experimental tests, the
temperature range of 20 ÷ 50 ◦C is used to calculate the average density and specific heat
of the heat carrier fluid in the HT, while the temperature range of 5 ÷ 25 ◦C is considered
for the cold tank to derive the average density and specific heat of the heat carrier fluid
in the case of the CT. In greater detail, cp and ρ were assumed equal to 4.071 kJ/kgK
and 1002.1 kg/m3, respectively, for the HT, while cp and ρ were considered equal to
4.054 kJ/kgK and 1008.4 kg/m3 in the case of the CT.

According to Equations (9)–(20), a comparison between experimental and predicted
data has been conducted by using the following metrics:

ENc,HT,Err =

(
ENc,HT,ANN − ENc,HT,Exp

)
ENc,HT,ANN

·100% (21)

ECh,HT,Err =

(
ECh,HT,ANN − ECh,HT,Exp

)
ECh,HT,ANN

·100% (22)

EDis,HT,Err =

(
EDis,HT,ANN − EDis,HT,Exp

)
EDis,HT,ANN

·100% (23)

ENh,CT,Err =

(
ENh,CT,ANN − ENh,CT,Exp

)
ENh,CT,ANN

·100% (24)

ECh,CT,Err =

(
ECh,CT,ANN − ECh,CT,Exp

)
ECh,CT,ANN

·100% (25)

EDis,CT,Err =

(
EDis,CT,ANN − EDis,CT,Exp

)
EDis,CT,ANN

·100% (26)

Table 5 presents the metrics calculated via Equations (21)–(23) for the hot tank, while
Table 6 indicates the metrics derived through Equations (24)–(26) for the CT. Due to the
nature of the experiments conducted in this study, it is not possible to calculate the above
metrics for all phases of the verification experiments.

Table 5. Comparison between predicted (by the ANN5 model) and measured energy values upon
varying the phases of the experimental verification test for the HT.

Metrics Cooldown
Phase

Charging
Phase

Discharging
Phase

Simultaneous
Discharging/Charging Phase

ENc,HT,Err (%) −0.122 Not applicable Not applicable Not applicable
ECh,HT,Err (%) Not applicable −0.877 Not applicable 0.028
EDis,HT,Err (%) Not applicable Not applicable −0.835 −0.006
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Table 6. Comparison between predicted (by the ANN5 model) and measured energy values upon
varying the phases of the experimental verification test for the CT.

Metrics Heat-Up
Phase

Charging
Phase

Discharging
Phase

Simultaneous
Discharging/Charging Phase

ENh,CT,Err (%) −0.890 Not applicable Not applicable Not applicable
ECh,CT,Err (%) Not applicable −0.808 Not applicable 0.102
EDis,CT,Err (%) Not applicable Not applicable −0.364 −0.080

According to Table 5, the percentage differences range from a minimum of −0.877%
(observed over the charging experiment of the HT) up to a maximum of 0.028% (corre-
sponding to the charging phase of the simultaneous discharging/charging experiment
of the HT). Similarly, with reference to Table 6, the percentage differences range between
−0.890% (observed during the natural heat-up of the CT) and 0.102% (recognized during
the charging phase of the simultaneous discharging/charging experiment of the CT). These
results highlight the accuracy of the developed ANN5 model in predicting the real-world
performance of the STES, regardless of which tank is being tested and under various bound-
aries. The findings of this study indicate that the discrepancies between the predicted and
experimentally obtained energies are comparable with those indicated by Soomro et al. [44].

In order to complete the comparison between experimental and predicted data, the
uncertainty related to the measured values has been determined for every time step,
except in the case of the natural cooldown of the HT and heat-up of the CT where it has
been calculated only once. Let us consider a measurand Y depending on a number of
inputs X1, . . . , XN and let x1, . . . , xN be the measured values of X1, . . . , XN, respectively.
Substituting x1, . . . , xN, to X1, . . . , XN, respectively, it is possible to obtain an estimation
y of the measurand Y. According to Moffat et al. [46], the absolute measurement error δy
associated with y can be calculated as the root-sum squared combination of the absolute
measurement errors δx1, . . . , δxN associated with the evaluation of x1, . . . , xN, if δx1,. . . ,
δxN are independent and causal. In this study, the absolute measurement uncertainty
δENc,HT,Exp, δPCh,HT,Exp, δPDis,HT,Exp, δENh,CT,Exp, δPCh,CT,Exp, δPDis,HT,Exp, and δPDis,CT,Exp

associated with the calculation of ENc,HT,Exp, PCh,HT,Exp, PDis,HT,Exp, ENh,CT,Exp, PCh,CT,Exp,
and δPDis,CT,Exp can be calculated according to the uncertainty analysis suggested by
Mastrullo et al. [47] by using the subsequent formulas for the propagation of errors:

δENc,HT,Exp = ρ·Vtank·cp·
√
(δTHT,t0)

2
+ (δTHT,tf)

2 (27)

δPCh,HT,Exp = ρ·cp·
√
[(Tin,IHX,HT − Tout,IHX,HT)·δVin,IHX]

2 + (Vin,IHX,HT·δTin,IHX,HT)
2 + (Vin,IHX·δTout,IHX,HT)

2 (28)

δPDis,HT,Exp = ρ·cp·
√
[(Tout,HT − Tin,HT)·δVin,FC]

2 + (Vin,FC·δTin,HT)
2 + (Vin,FC·δTout,HT)

2 (29)

δENh,CT,Exp = ρ·Vtank·cp·
√
(δTCT,t0)

2
+ (δTCT,tf)

2 (30)

δPCh,CT,Exp = ρ·cp·
√
[(Tout,IHX,CT − Tin,IHX,CT)·δVin,IHX,CT]

2 + (Vin,IHX,CT·δTin,IHX,CT)
2 + (Vin,IHX,CT·δTout,IHX,CT)

2 (31)

δPDis,CT,Exp = ρ·cp·
√
[(Tin,CT − Tout,CT)·δVin,FC]

2 + (Vin,FC·δTin,CT)
2 + (Vin,FC·δTout,CT)

2 (32)

where δVin,IHX,HT, δVin,IHX,CT, δVin,FC, δTHT,t0 , δTHT,tf , δTout,IHX,HT, δTin,IHX,HT, δTout,HT,
δTin,HT, δTCT,t0 , δTCT,tf , δTout,IHX,CT, δTin,IHX,CT, δTout,CT, and δTin,CT are the absolute mea-
surement uncertainty of Vin,IHX,HT, Vin,IHX,CT, Vin,FC, THT,t0 , THT,tf , Tout,IHX,HT, Tin,IHX,HT,
Tout,HT, Tin,HT, TCT,t0 , TCT,tf , Tout,IHX,CT, Tin,IHX,CT, Tout,CT, and Tin,CT, respectively (all these
parameters are presented in Table 1). Based on Equations (27)–(32), it is feasible to compute
the relative measurement uncertainty δENc,HT,Exp/ENc,HT,Exp associated with ENc,HT,Exp,
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the relative measurement uncertainty δPCh,HT,Exp/PCh,HT,Exp associated with PCh,HT,Exp,
the relative measurement uncertainty δPDis,HT,Exp/PDis,HT,Exp corresponding to PDis,HT,Exp,
the relative measurement uncertainty δENh,CT,Exp/ENh,CT,Exp of ENh,CT,Exp, the relative
measurement uncertainty δPCh,CT,Exp/PCh,CT,Exp associated with PCh,CT,Exp, and the rel-
ative measurement uncertainty δPDis,CT,Exp/PDis,CT,Exp corresponding to PDis,CT,Exp. The
uncertainty assessment shows the following:

• The natural cooldown experiment of the HT, is characterized by a very low rela-
tive measurement uncertainty, approximately 0.220% of the experimental values of
ENc,HT,Exp;

• Through the charging experiment of the HT, approximately 62% of the measured
data of PCh,HT,Exp obtained a relative measurement uncertainty smaller than 10%,
while around 79% of the data regarding PCh,HT,Exp are distinguished by a relative
measurement uncertainty below 16%;

• Throughout the discharging experiment of the HT, around 53% of the measured data of
PDis,HT,Exp are marked by a relative measurement uncertainty smaller than 8%, while
around 93% of the experimental data of PDis,HT,Exp showed a relative measurement
uncertainty smaller than 14%;

• Through the simultaneous discharging/charging experiment of the HT, almost 100%
of the recorded data of PCh,HT,Exp indicate a relative measurement uncertainty smaller
than 4%, while around 99.98% of the of the recorded values of PDis,HT,Exp are charac-
terized by a relative measurement uncertainty less than 2%;

• The natural cooldown experiment of the CT is marked by a very low relative measure-
ment uncertainty, approximately 0.388% of the recorded values of ENh,CT,Exp;

• Throughout the charging experiment of the CT, approximately 71% of the test data
of PCh,CT,Exp are distinguished by a relative measurement uncertainty less than 10%,
while around 86% of the experimental data of PCh,CT,Exp show a relative measurement
uncertainty beneath 14%;

• Throughout the discharging experiment of the CT, around 52% of the measured
datapoints of PDis,CT,Exp have a relative measurement uncertainty smaller than 8%,
while around 92% of the recorded data of PDis,CT,Exp reveal a relative measurement
uncertainty smaller than 14%;

• During the simultaneous discharging/charging experiment of the CT, almost 97% of
the recorded data of PCh,CT,Exp display a relative measurement uncertainty under 8%,
while almost 100% of the experimental data of PDis,CT,Exp report a relative measurement
uncertainty less than 4%.

The arithmetic mean of relative uncertainties have been calculated for all experiments
and the related findings can be summarized as follows:

• Arithmetic mean of relative measurement uncertainty equal to 9.02% with respect to
PCh,HT,Exp through the charging experiment of the HT;

• Arithmetic mean of relative measurement uncertainty equal to 7.53% with respect to
PDis,HT,Exp over the discharging experiment of the HT;

• Arithmetic mean of relative measurement uncertainty equal to 2.76% and 1.77%, respec-
tively, with respect to PCh,HT,Exp and PDis,HT,Exp recorded through the simultaneous
discharging/charging experiment of the HT;

• Arithmetic mean of relative measurement uncertainty equal to 8.37% with respect to
PCh,CT,Exp measured throughout the charging experiment of the CT;

• Arithmetic mean of relative measurement uncertainty equal to 8.06% in the case of
PDis,CT,Exp corresponding to the discharging experiment of the CT;
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• Arithmetic mean of relative measurement uncertainty equal to about 5.29% and 2.78%,
respectively, regarding PCh,CT,Exp and PDis,CT,Exp measured during the simultaneous
discharging/charging experiment of the CT.

The findings of the measurement uncertainty analysis highlight that the discrepancies
between the predicted and measured values presented in Tables 5 and 6 are aligned with the
relative measurement uncertainties related to the empirical values; this indicates that the
accuracy of the suggested ANN-based model to forecast both the CT and HT performance
is high.

5. Verification of the ANN5 Model
To ensure the reproducibility of the results, the ANN development tracked a structured

workflow within the MATLAB platform. First, raw experimental data were organized into
a combined block corresponding to the eight operational modes to maintain sequential
integrity. The NARX architecture was then subjected to a parametric sensitivity analysis
of 28 configurations (varying hidden neurons and delays). This systematic approach was
used to ensure that the performance of the optimal model (ANN5) was robust and not
overly sensitive to the initial random weight distribution. The network was trained using
the Levenberg–Marquardt algorithm, with early stopping applied when validation MSE
failed to improve for six consecutive epochs.

In this section, the developed ANN5 model has been compared with the verification
database consisting of experimental measurements collected from two new experimental
tests performed (in addition to the training database described in Section 4) in order to
furthermore verify the model’s predictive capability with respect to measured data not
included in the datasets used for training, validating, and testing ANN5 itself. These
additional experimental tests are described in Section 5.1, while Section 5.2 compares
the ANN5 model predictions in contrast with the data recorded over these additional
experiments. Table A6 in Appendix A summarizes the total duration, sampling interval,
number of samples per operating mode, and the starting and ending day/time of each
experiment for both the eight independent training tests (four performed with reference
to the HT and four performed with reference to the CT), as well as the two independent
verification tests (one performed with reference to the HT and one performed with reference
to the CT).

5.1. Verification Database: Additional Independent Tests for the ANN5 Model Verification

Two additional verification experiments have been performed (one targeting the HT
and one targeting the CT) from 9:00 a.m. to 6:00 p.m. During the verification experiment for
the HT, the HT has been linked on one side to the HP through the IHX_HT and on the other
side to the FC system via the tank’s inlet and outlet. Table 7 reports detailed information
regarding the two verification tests targeting the HT and the CT, including the starting
date/time, the ending date/time, the total test duration, the number of recorded samples,
and the corresponding sampling interval.

Table 7. Dataset summary of the two verification experiments for both STES tanks.

Hot Tank Cold Tank

Starting date (dd/mm/yyyy) 10/11/2022 15/11/2022
Starting time (hh:mm:ss) 09:00:00 09:00:00

Ending date (dd/mm/yyyy) 10/11/2022 15/11/2022
Ending time (hh:mm:ss) 18:00:00 18:00:00

Total duration (min) 540.0 540.0
Number of samples 6480 6480

Sampling interval (s) 5 5
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The FC has been activated in order to keep a room temperature of 20 ◦C, with a dead
band of ±0.2 ◦C; this means that when the room temperature rises to the upper limit of the
dead band, the fan of the FC fan is switched off, but the HCF continues circulating through
its heat exchanger; once the temperature becomes equal to the lower dead band limit, the
FC fan is turned back on, while the HCF flow in the FC’s heat exchanger is maintained.
The stream between the HP and the IHX_HT has been managed in an on/off mode to keep
the top node temperature of the HT within the range from 37 ◦C to 40 ◦C.

During the verification experiment for the CT, the CT has been linked on one side to
the RS through the IHX_CT and on the other side to the FC through the tank’s outlet and
inlet. The FC has been controlled to keep a room temperature of 26 ◦C, with a dead band
of ±0.2 ◦C. This means that when the room temperature drops to the lower limit of the
dead band, the FC fan is turned off, but the HCF continues to flow through the FC’s heat
exchanger; once the room temperature achieves the upper limit of the dead band, the FC
fan is reactivated, while the HCF continues to flow through its IHX. The stream between
the RS and the IHX_CT has been managed in an on/off mode to keep the temperature at
the lowest node of the CT between 13 ◦C and 16 ◦C.

Considering that both verification experiments have been performed during an inter-
mediate season (i.e., fall), the heating, ventilation, and air-conditioning (HVAC) system
which consists of a constant air volume dual-fan single-duct air-handling unit serving
the SENS i-Lab test room has been utilized to artificially emulate the cooling and heating
demands. Detailed information regarding the components and control logic of this HVAC
system are reported in [48–50]. During the experiment focused on the HT, the HVAC
system simulated the cooling demand by maintaining a setpoint room temperature of
18 ◦C, with a dead band of ±1 ◦C; conversely, during the test focused on the CT, the HVAC
system simulated the heating demand by maintaining a setpoint temperature of 28 ◦C,
with a dead band of ±1 ◦C.

Figure 15a shows the temporal trend of the measured HCF temperatures at the four
HT nodes, as well as at the outlet and inlet of both the HT and the IHX_HT during the
verification experiment related to the HT. Figure 15b reports the outside air temperature
and the volumetric flowrates of the HCF flowing into the FC system and the IHX_HT upon
varying the time during the same experiment.
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Figure 15. Measured data of HCF temperatures (THT1, THT2, THT3, THT4, Tin,IHX,HT, Tout,IHX,HT,
Tin,HT, and Tout,HT) (a); volumetric flowrates (Vin,FC and Vin,IHX,CT) of the HCF and temperature of
outside air (TOA) (b) upon varying the time through the verification experiment of the HT.

Similarly, Figure 16a displays the temporal trends of the measured HCF temperatures
at the four CT nodes, along with the temperatures at the outlet and the inlet of both the
CT and its IHX during the verification experiment of the CT. Figure 16b shows the outside
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air temperature and the volumetric flowrates of the HCF entering the IHX_CT and the FC
upon varying the time during the experiment.
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Figure 16. Measured data of HCF temperatures (TCT1, TCT2, TCT3, TCT4, Tin,IHX,CT, Tout,IHX,CT, Tin,CT,
and Tout,CT) (a); volumetric flowrate (Vin,FC and Vin,IHX,CT) of the HCF into the FC and temperature
of outside air (TOA) (b) upon varying the time during the verification experiment of the CT.

As illustrated in these figures, the flowrate of the HCF within the FC remains constant
throughout both experiments, staying within the range between 1.40 m3/h and 1.45 m3/h.

More extensive information about the verification tests can be found in [33].

5.2. Independent Verification: Performance of ANN5 Model vs. The Experimental
Verification Database

The ANN5 model was further validated using an independent dataset representing
real-world operational scenarios, including simultaneous discharging/charging under
heating and cooling modes. The ANN5-based model was converted to a closed-loop
configuration for the independent verification against the tests in Section 5.1. Eleven
parameters measured during the verification tests have been used as inputs for the ANN5
model. They consist of five predictors and six responses. The predictors are as follows:
(1) temperature of the HCF at the inlet of the IHX measured at the previous time step
(t − d); (2) volumetric flowrate of the HCF at the inlet of the IHX measured at the previous
time step (t − d); (3) temperature of the HCF at the storage inlet measured at the previous
time step (t − d); (4) volumetric flowrate of the HCF at the storage inlet measured at the
previous time step (t − d); (5) outside air temperature measured at the previous time step
(t − d). The responses are as follows: (1) temperature of the HCF at node 1 measured at the
previous time step (t − d); (2) temperature of the HCF at node 2 measured at the previous
time step (t − d); (3) temperature of the HCF at node 3 measured at the previous time step
(t − d); (4) temperature of the HCF at node 4 measured at the previous time step (t − d);
(5) temperature of the HCF at the IHX outlet measured at the previous time step (t − d);
(6) temperature of the HCF at the storage inlet measured at the previous time step (t − d).

Figures 17 and 18 compare the measured temperatures in contrast with the predicted
ones by the ANN5 model with reference to the verification test of the CT and the HT,
respectively. Specifically, Figure 17 shows the values of ∆TErr,i (Equation (2)) with reference
to the temperature at the four nodes, the IHX exit, and the exit of the HT, while Figure 18
illustrates the values of ∆TErr,i (Equation (2)) with reference to the temperature at the four
nodes, the IHX exit, and the exit of the CT. Computing the values ∆TErr,i is impossible
when there is no flow in the IHX, so such periods are excluded from Figures 17 and 18.
Figure 17 highlights that for the HT the values of ∆TErr,i reach a maximum of 0.12 ◦C
together with an average of −0.03 ◦C for THT1, a maximum of −0.17 ◦C together with
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an average of −0.05 ◦C for THT2, and a maximum of 0.90 ◦C together with an average of
0.02 ◦C for THT3, a maximum of 0.14 ◦C together with an average of 0.01 ◦C for THT4. As for
Tout,IHX,HT and Tout,HT, their maximum ∆TErr,i values are 1.87 ◦C and 0.12 ◦C, respectively,
with average values of 0.07 ◦C and 0.0002 ◦C, respectively. Figure 18 indicates that for
the CT the values of ∆TErr,i achieve a maximum of −0.15 ◦C together with an average of
−0.001 ◦C for TCT1, a maximum of −0.16 ◦C together with an average of −0.004 ◦C for TCT2,
a maximum of 0.12 ◦C together with an average of 0.03 ◦C for TCT3, and a maximum of
−0.10 ◦C together with an average of 0.001 ◦C for TCT4. As for Tout,IHX,CT and Tout,CT, their
maximum ∆TErr,i values are −0.19 ◦C and −0.13 ◦C, respectively, with average values of
0.06 ◦C and −0.001 ◦C, respectively. Both Figures 17 and 18 clearly show that the predicted
trends of the HCF temperatures at the distinct four nodes, the IHX outlet, and the tank
outlet closely match the measured data for both cold and hot storage; this underlines that
the proposed ANN5 model successfully captures the real-world performance of the tanks.
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Figure 17. Values of ∆TErr,i (Equation (2)) with reference to the temperature at the 4 nodes (THT1,
THT2, THT3, and THT4), the IHX outlet (Tout,IHX,HT), and the outlet of the HT (Tout,HT).
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Figure 18. Values of ∆TErr,i (Equation (2)) with reference to the temperature at the 4 nodes (TCT1,
TCT2, TCT3, and TCT4), the IHX outlet (Tout,IHX,CT), and the outlet (Tout,CT) of the CT.

With reference to the values of ∆TErr,i indicated in Figures 17 and 18, Table 8 reports
the maximum ∆TErr,i, minimum ∆TErr,i, 95th percentile of positive ∆TErr,i values, 95th
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percentile of negative ∆TErr,i values, and the time Tout,±95th with values of ∆TErr,i larger
than the 95th percentile of positive ∆TErr,i values or lower than the 95th percentile of
negative ∆TErr,i values. These parameters are calculated with reference to all temperatures
reported in Figures 17 and 18.

Table 8. Quantitative summary of ∆TErr,i values as a function of the verification experiment and
temperature levels.

Maximum
∆TErr,i (◦C)

Minimum
∆TErr,i (◦C)

95th Percentile of
Positive ∆TErr,i (◦C)

95th Percentile of
Negative ∆TErr,i (◦C) Tout,±95th (min)

Verification
test of the HT

THT1 0.125 −0.106 0.058 −0.087 27.917
THT2 0.088 −0.174 0.026 −0.099 27.917
THT3 0.901 −0.799 0.139 −0.127 28.000
THT4 0.137 −0.060 0.043 −0.048 27.917

Tout,IHX,HT 1.866 −0.232 0.625 −0.151 8.833
Tout,HT 0.120 −0.055 0.047 −0.042 28.000

Verification
test of the CT

TCT1 0.049 −0.148 0.028 −0.036 27.417
TCT2 0.048 −0.157 0.027 −0.029 27.333
TCT3 0.110 −0.094 0.085 −0.037 25.833
TCT4 0.037 −0.104 0.027 −0.022 27.333

Tout,IHX,CT 0.122 −0.189 0.099 −0.113 24.083
Tout,CT 0.021 −0.134 0.011 −0.015 27.333

This table underlines that for the HT verification test the largest ∆TErr,i is 1.866 ◦C,
while the smallest ∆TErr,i is −0.799 ◦C. With reference to the CT validation test, the largest
∆TErr,i is 0.122 ◦C, while the smallest ∆TErr,i is −0.189 ◦C. The highest values of Tout,±95th

are 28.000 min for the HT and 27.417 min for the CT.
Table 9 underlines the statistical metrics AE (Equation (3)), ABE (Equation (4)), MSE

(Equation (5)), RMSE (Equation (6)), NRMSE (Equation (7)), and R2 (Equation (8)) with
reference to the temperature at the four nodes, the IHX outlet, and the tank outlet for both
the CT and the HT. Table 9 shows that the AE values range between −0.0501 ◦C at node 2 of
the HT and 0.0249 ◦C at node 3 of the HT. The best value is 0.0002 ◦C and it is associated
with the HT outlet.

Table 9. Statistical comparison of temperatures for the verification experiments of both the HT and
the CT for the ANN5 model.

Hot Tank

AE (◦C) ABE (◦C) MSE (◦C2) RMSE (◦C) NRMSE R2

THT1 −0.0286 0.0462 0.0027 0.0521 0.0056 0.9988
THT2 −0.0501 0.0545 0.0040 0.0636 0.0060 0.9984
THT3 0.0249 0.0515 0.0073 0.0854 0.0059 0.9977
THT4 0.0126 0.0214 0.0007 0.0262 0.0022 0.9997

Tout,IHX,HT 0.0248 0.0502 0.0187 0.1368 0.0061 0.9981
Tout,HT 0.0002 0.0218 0.0007 0.0261 0.0027 0.9997

Cold tank

AE (◦C) ABE (◦C) MSE (◦C2) RMSE (◦C) NRMSE R2

TCT1 −0.0009 0.0144 0.0004 0.0204 0.0098 0.9953
TCT2 −0.0039 0.0120 0.0003 0.0172 0.0102 0.9963
TCT3 0.0336 0.0374 0.0020 0.0452 0.0283 0.9699
TCT4 0.0012 0.0134 0.0002 0.0154 0.0094 0.9960

Tout,IHX,CT 0.0579 0.0609 0.0046 0.0678 0.0164 0.9888
Tout,CT −0.0009 0.0052 0.0001 0.0091 0.0057 0.9984
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With reference to the CT, the values of AE range between −0.0039 ◦C (at node 2) and
0.579 ◦C (at the IHX_CT outlet); the most accurate prediction (AE= −0.0009 ◦C) is observed
at both node 1 and the CT outlet.

The values of ABE range between a lowest value of 0.0214 ◦C obtained at node 4 and a
highest value of 0.0545 ◦C observed at node 2 of the HT, while it ranges between 0.0052 ◦C
and 0.0609 ◦C at the CT exit and the IHX_CT exit, respectively.

The values of MSE vary from the lowest value of 0.0007 ◦C2 at both the HT outlet and
node 4 of the HT up to the highest value of 0.0187 ◦C2 at the IHX_HT exit, while it changes
between 0.0001 ◦C2 and 0.0046 ◦C2 at the CT exit and the IHX_CT exit, respectively.

The highest RMSE is 0.1368 ◦C at the IHX_HT, while the lowest RMSE is 0.0261 ◦C
at the HT outlet; it varies from the least values of 0.0091 ◦C at the exit of the CT up to the
greatest of 0.0678 ◦C at the IHX outlet of the CT.

The highest NRMSE is 0.0061 for the IHX_HT outlet, while the lowest NRMSE is
0.0022 for node 4 of the HT; it changes from the lowest value of 0.0057 for the outlet of the
CT up to the highest value of 0.0283 at node 3 of the CT.

The values of R2 range from the fewest value of 0.9977 for node 3 of the HT up to the
greatest value of 0.9997 at node 4 and the HT outlet, while it falls within 0.9699 and 0.9984
for node 3 of the CT and the outlet of the CT, respectively.

Lee et al. [18] and Nash et al. [43] reported a minimum NRMSE value equal to 0.0021
and 0.045, respectively. Soomro et al. [44] reported a minimal value of MSE equal to 0.03 ◦C2,
as well as a maximum R2 equal to 0.92. Additionally, Van Schalkwyk et al. [51] examined
thermal stratification and energy distribution across various operational scenarios using an
experimentally validated CFD model of a horizontally oriented electric hot-water storage
cylinder with a resistive immersion heating coil. The CFD model demonstrated a RMSE of
1.5 ◦C when compared to experimental data, higher than the values obtained in this study
which vary between 0.0091 ◦C and 0.1368 ◦C. Based on these results in the literature, it can
be concluded that the ANN5 model proposed in this work is consistent with the outcomes
of similar scientific papers and it is highly accurate in predicting the temperature trends at
the tank outlets and the IHX outlets for both the HT and CT.

The predicted results derived based on the ANN5 model have also been contrasted
with the experimental charging/discharging daily energies for both the CT and the HT via
Equations (22), (23), (25), and (26). The parameters used in Equations (22), (23), (25), and (26)
have been calculated via Equations (11)–(14) for the HT and via Equations (17)–(20) for the
CT. Table 10 presents the above-mentioned metrics calculated according to Equations (22),
(23), (25), and (26).

Table 10. Comparison of predicted and measured energy values related to the verification experiments
of both the CT and the HT by using the ANN5 model.

ECh,HT,Err (%) ECh,CT,Err (%) EDis,HT,Err (%) EDis,CT,Err (%)

−3.87 7.08 0.09 0.13

This table shows that the predicted result slightly underestimates the measured charg-
ing daily energy for the HT (ECh,HT,Exp) by −3.87%, while it overestimates the measured
charging daily energy for the CT (ECh,CT,Exp) by 7.08%; the ANN5 model slightly overesti-
mates the measured discharging daily energy for the HT (EDis,HT,Exp) and the CT (EDis,CT,Exp)
by 0.09% and 0.13%, respectively. These small percentage differences, particularly in the
case of measured discharging daily energy, highlight the accuracy of the ANN5 model in
reflecting and representing the real-world performance of the STES. The results reported in
Table 10 are in line with the findings reported in Scapino et al. [6], where a relative energy
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error between −3% and 4.2% has been obtained when a neural network model has been
used for modeling a thermal energy storage system.

The uncertainties δPCh,HT,Exp, δPCh,CT,Exp, δPDis,HT,Exp, and δPDis,CT,Exp associated with
the measured value of PCh,HT,Exp, PCh,CT,Exp, PDis,HT,Exp, and PDis,CT,Exp have been calculated
based on Equations (28), (29), (31), and (32), respectively. The measurement uncertainty
analysis indicated the following:

• Around 98% of the experimental data of PCh,HT,Exp are distinguished by a relative
measurement uncertainty lower than 4% over the charging phases of the HT;

• Over than 99% of the experimental data of PCh,CT,Exp exhibit a relative measurement
uncertainty smaller than 6% during the phases of charging of the CT;

• Throughout the discharging phases of the HT, around 17% of the measured data of
PDis,HT,Exp achieve a relative measurement uncertainty smaller than 2%, while around
72% of the experimental data of PDis,HT,Exp have a relative measurement uncertainty
smaller than 10%;

• Throughout the discharging phase of the CT, around 51% of the measured data of
PDis,CT,Exp have a relative measurement uncertainty smaller than 2%, while about 87%
of the measured data of PDis,CT,Exp achieve a relative measurement uncertainty smaller
than 10%.

The arithmetic means of the relative uncertainties are as follows:

• 2.79% with respect to PCh,HT,Exp throughout the phases of charging of the HT;
• 4.18% with respect to PCh,CT,Exp throughout the phases of charging of the CT;
• 7.69% with respect to PDis,HT,Exp throughout the phases of discharging of the HT;
• 4.91% with respect to PDis,CT,Exp throughout the phases of discharging of the CT.

The above-mentioned data highlight that the discrepancies between the predicted and
measured values presented in Table 10 are aligned with the calculated relative measurement
uncertainties. For example, the difference between the predicted and measured values of
thermal energy exchanged in the verification tests during the charging phases is −3.87%
and 7.08% (Table 10) for the HT and the CT, respectively, while the minimum relative
uncertainty of thermal energy measured during the verification tests in the case of the
charging phases is 2.86% and 0.82% for the HT and the CT, respectively. Furthermore, the
difference between the predicted and measured values of thermal energy exchanged in
the verification tests in the case of the discharging phases is 0.09% and 0.13% (Table 10)
for the HT and the CT, respectively, while the minimum relative uncertainty of thermal
energy measured during the verification tests in the case of the discharging phases is
0.48% and 1.34% for HT and CT, respectively. This underlines that the capability of the
proposed ANN5 model in predicting the performances of both the HT and the CT is high.
In addition, the results reported in Table 10 show that the differences between the predicted
and measured values for the CT over the charging phase are greater than those associated
with the HT; this result is also due to the fact that the uncertainties of measurements
associated with the charging phase of the CT are often larger than those related to the HT.

The performance and associated errors of the ANN model offer direct physical insights
into the system’s operational dynamics [52]. Specifically, the model’s largest deviations be-
tween predicted and measured temperature profiles occur during periods of high transient
behavior (i.e., fluctuating radiation or flowrates). This behavior is fundamentally explained
by two phenomena (thermal stratification and system energy storage dynamics). Strati-
fication leads to nonlinear temperature distribution within the storage tank, introducing
complexities that the network, to be maintained in the same form as already submitted.
More critically, the consistent lag in the ANN’s predicted temperature response compared
to the experimental measurements confirms the significant influence of thermal inertia.
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During system start-up or sudden radiation spikes, a measurable amount of energy is
temporarily consumed to charge the storage mass, delaying the fluid’s outlet temperature
rise. The difference between the ANN-predicted responses and the measured outcomes
is, therefore, a quantifiable representation of the energy absorbed by the system’s thermal
mass, directly linking the network’s predictive limitations to fundamental heat transfer and
energy storage principles. In greater detail, it can be noticed that during the verification
tests the HCF moves through the tank at a volumetric flowrate of approximately 1.40 m3/h;
at this speed, the theoretical residence time, which is the time it takes for water to fully cycle
through the tank, is about 12.8 min; in contrast, the ANN5 model updates its predictions
every 5 s. Because the model’s memory window is so much shorter than the theoretical
residence time of the HCF, a natural thermal lag occurs during sudden transitions. The
transient errors reported in Figures 17 and 18 are a measurement of this thermal inertia;
they represent the time the 300 L volume needs to absorb or release energy before the outlet
temperature can fully react.

Empirical findings from black-box approaches are often limited by the boundary
conditions and parameter ranges, which can limit their general applicability; the model’s
reliability is highest when the inputs remain within the temperature and flowrate ranges.
As a consequence, it should be underlined that the proposed ANN5-based model refers
to the specific experimental setup explained in Section 2 and it can be applied with the
above-mentioned accuracy to STESs characterized by similar geometry, instrumentation
layout, operational flows and loads, climates and control modes associated with training
and verification tests. The ANN5 model demonstrated a high degree of generalization
and proved by its ability to accurately forecast system behavior during both training
and verification tests (i.e., independent datasets). However, its transferability to different
scenarios must be preliminarily and further verified after a minimum retraining based on
related performance data.

6. Conclusions
This study presents a data-driven ANN model capable of accurately predicting the

thermal behavior of short-term STES units under diverse operating conditions. Among
the 28 tested architectures, ANN5 (12 neurons, delay = 1) achieved the best overall perfor-
mance, with NRMSE values as low as 0.0022 and R2 exceeding 0.9699 for most temperature
predictions. The model demonstrated strong generalization capabilities by accurately re-
producing experimental results from independent verification tests, including both heating
and cooling operations. Furthermore, daily energy predictions exhibited minimal deviation
from measured values, confirming the model’s suitability for real-world applications.

Compared to physics-based and CFD models, the proposed ANN approach offers
rapid computation and reduced complexity, making it ideal for integration into building
energy management systems, predictive control strategies, and digital twin frameworks.

Our next research steps will be directed towards integrating the proposed ANN model
with physics-based models of STESs, leading to a hybrid gray-box modeling framework
that combines the predictive accuracy of data-driven approaches with the interpretability
and generalizability of physical models. Such kinds of framework could help in accounting
for tank volumes, geometries, and insulation properties varying with respect to those
investigated in this study. The proposed model can also serve as a detailed tool for
analyzing and optimizing the energy, environmental, and economic performance of STES-
based energy systems as operating conditions vary. It can be embedded within smart
building energy management systems to enable autonomous decision-making, predictive
control, and adaptive scheduling. In addition, the developed ANN model can be potentially
applied in system design optimization, predictive maintenance, or real-time control. In
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particular, it can be used for real-time forecasting and control of thermal energy flows, which
supports dynamic optimization of HVAC systems and enhances overall building energy
efficiency; the ANN model is also compatible with IoT platforms and sensor networks
(allowing seamless data acquisition and system responsiveness in smart environments) and,
therefore, it could also serve as a digital twin for STES systems, enabling virtual testing,
fault detection, and performance benchmarking.
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Abbreviations
The following abbreviations are used in this manuscript:

ABE Average absolute error (◦C)
AE Average error (◦C)
ANN Artificial neural network
BiLSTM Bidirectional long short-term memory
cp Specific heat (kJ/kgK)
CT Cold tank
CFD Computational fluid dynamics
CNN Cascade correlation neural network
d Delay
De Outer diameter of tank (m)
Dout,IHX Outer tube diameter of internal heat exchanger (mm)
ECh,CT,ANN Predicted daily charged energy for cold tank (kJ)
ECh,CT,Exp Measured daily charged energy for cold tank (kJ)

ECh,CT,Err
Difference between predicted and measured daily charged energy for
cold tank (%)

ECh,HT,ANN Predicted daily charged energy for hot tank (kJ)
ECh,HT,Exp Measured daily charged energy for hot tank (kJ)
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ECh,HT,Err
Difference between predicted and measured daily charged energy for
hot tank (%)

EDis,CT,ANN Predicted daily discharged energy for cold tank (kJ)
EDis,CT,Exp Measured daily discharged energy for cold tank (kJ)

EDis,CT,Err
Difference between predicted and measured daily discharged energy for
cold tank (%)

EDis,HT,ANN Predicted daily discharged energy for hot tank (kJ)
EDis,HT,Exp Measured daily discharged energy for hot tank (kJ)

EDis,HT,Err
Difference between predicted and measured daily discharged energy for
hot tank (%)

ENc,HT,ANN Predicted daily cooldown energy losses for hot tank (kJ)
ENc,HT,Exp Measured daily cooldown energy losses for hot tank (kJ)

ENc,HT,Err
Difference between predicted and measured daily cooldown energy losses for
hot tank (%)

ENh,CT,ANN Predicted daily heat-up energy losses for cold tank (kJ)
ENh,CT,Exp Measured daily heat-up energy losses for cold tank (kJ)

ENh,CT,Err
Difference between predicted and measured daily heat-up energy losses for
cold tank (%)

FC Fan coil
GRU Gated recurrent unit
HCF Heat carrier fluid
HP Heat pump
HT Hot tank
HVAC Heating, ventilation, and air-conditioning
i Time step (s)
ICT Internal cold tank of refrigerating system
IHT Internal hot tank of heat pump
IHX Internal heat exchanger
IHX_CT Internal heat exchanger inside cold tank
IHX_HT Internal heat exchanger inside hot tank
LSTM Long short-term memory
MSE Mean square error (◦C2)
NARX Nonlinear auto-regressive with exogenous inputs
NRMSE Normalized root mean square error
PCh,CT,ANN Predicted charged power for cold tank (W)
PCh,CT,Exp Measured charged power for cold tank (W)
PCh,HT,ANN Predicted charged power for hot tank (W)
PCh,HT,Exp Measured charged power for hot tank (W)
PDis,CT,ANN Predicted discharged power for cold tank (W)
PDis,CT,Exp Measured discharged power for cold tank (W)
PDis,HT,ANN Predicted discharged power for hot tank (W)
PDis,HT,Exp Measured discharged power for hot tank (W)
R2 Coefficient of determination
RMSE Root mean square error (◦C)
RS Refrigerating system
STES Sensible thermal energy storage
t Time (s)
t0 Initial experimental time (s)
tf Final experimental time (s)
TANN,i Predicted temperature of a specific node at time step i (◦C)
TCN Temporal convolutional network
TCT1 Temperature of heat carrier fluid at node 1 of cold tank (◦C)
TCT2 Temperature of heat carrier fluid at node 2 of cold tank (◦C)
TCT3 Temperature of heat carrier fluid at node 3 of cold tank (◦C)
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TCT4 Temperature of heat carrier fluid at node 4 of cold tank (◦C)
Texp,i Measured heat carrier fluid temperature of a specific node at time step i (◦C)
Texp,max Maximum measured temperature (◦C)
Texp,min Minimum measured temperature (◦C)
Texp Arithmetic mean of measured heat carrier fluid temperatures (◦C)
THT1 Temperature of heat carrier fluid at node 1 of hot tank (◦C)
THT2 Temperature of heat carrier fluid at node 2 of hot tank (◦C)
THT3 Temperature of heat carrier fluid at node 3 of hot tank (◦C)
THT4 Temperature of heat carrier fluid at node 4 of hot tank (◦C)

TCT,t0

Arithmetic average of heat carrier fluid temperatures measured at four distinct
heights inside cold tank at initial time t0 (◦C)

TCT,tf

Arithmetic average of heat carrier fluid temperatures measured at four distinct
heights inside cold tank at final time tf (◦C)

THT,t0

Arithmetic average of heat carrier fluid temperatures measured at four distinct
heights inside hot tank at initial time t0 (◦C)

THT,tf

Arithmetic average of heat carrier fluid temperatures measured at four distinct
heights inside hot tank at final time tf (◦C)

Tin,CT Temperature of heat carrier fluid at inlet of cold tank (◦C)
Tin,FC Temperature of heat carrier fluid at inlet of fan coil (◦C)
Tin,HT Temperature of heat carrier fluid at hot tank inlet (◦C)
Tin,HP Temperature of heat carrier fluid at inlet of heat pump (◦C)
Tin,IHX Temperature of heat carrier fluid at internal heat exchanger inlet of tank (◦C)
Tin,IHX,CT Temperature of heat carrier fluid at internal heat exchanger inlet of cold tank (◦C)
Tin,IHX,HT Temperature of heat carrier fluid at internal heat exchanger inlet of hot tank (◦C)
Tin,RS Temperature of heat carrier fluid at inlet of refrigerating system (◦C)
TOA Temperature of outside air (◦C)
Tout,CT Temperature of heat carrier fluid at cold tank outlet (◦C)
Tout,CT,ANN Predicted heat carrier fluid temperature at cold tank outlet (◦C)
Tout,FC Temperature of heat carrier fluid at outlet of fan coil (◦C)
Tout,HT Temperature of heat carrier fluid at hot tank outlet (◦C)
Tout,HP Temperature of heat carrier fluid at outlet of heat pump (◦C)
Tout,HT,ANN Predicted temperature at hot tank outlet (◦C)
Tout,IHX,CT Temperature of heat carrier fluid at internal heat exchanger outlet of cold tank (◦C)

Tout,IHX,CT,ANN
Predicted heat carrier fluid temperature at internal heat exchanger outlet of
cold tank (◦C)

Tout,IHX,HT Temperature of heat carrier fluid at internal heat exchanger outlet of hot tank (◦C)

Tout,IHX,HT,ANN
Predicted heat carrier fluid temperature at internal heat exchanger outlet of hot
tank (◦C)

Tout,RS Temperature of heat carrier fluid at refrigerating system outlet (◦C)

Tout,±95th
Period with ∆TErr,i larger than the 95th percentile of positive ∆TErr,i values or
lower than the 95th percentile of negative ∆TErr,i values (min)

TRoom Air temperature inside test room
TRoom Air temperature inside test room (◦C)
TES Thermal energy storage
Vin,CT Volumetric flowrate of heat carrier fluid entering the cold tank (m3/s)
Vin,FC Volumetric flowrate of heat carrier fluid leaving tank and entering fan coil (m3/s)
Vin,HT Volumetric flowrate of heat carrier fluid entering the hot tank (m3/s)

Vin,IHX
Volumetric flowrate of heat carrier fluid through internal heat exchanger of
tank (m3/s)

Vin,IHX,CT
Volumetric flowrate of heat carrier fluid through internal heat exchanger of cold
tank (m3/s)

Vin,IHX,HT
Volumetric flowrate of heat carrier fluid through internal heat exchanger of hot
tank (m3/s)

Vout,CT Volumetric flowrate of heat carrier fluid exiting the cold tank (m3/s)
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Vout,HT Volumetric flowrate of heat carrier fluid exiting the hot tank (m3/s)
Vtank Tank volume (m3)
%Vglycol Percentage by volume of glycol in heat carrier fluid (%)
Greek

δENh,CT,Exp
Measurement uncertainty of experimental energy losses during natural heat-up
for cold tank (J)

δENc,HT,Exp
Measurement uncertainty of experimental energy losses during natural
cooldown for hot tank (J)

δPCh,CT,Exp Measurement uncertainty of experimental charged power for cold tank (W)
δPCh,HT,Exp Measurement uncertainty of experimental charged power for hot tank (W)
δPDis,CT,Exp Measurement uncertainty of experimental discharged power for cold tank (W)
δPDis,HT,Exp Measurement uncertainty of experimental discharged power for hot tank (W)

δTin,CT
Measurement uncertainty of measured heat carrier fluid temperature at cold
tank inlet (◦C)

δTin,HT
Measurement uncertainty of experimental heat carrier fluid temperature at
hot tank inlet (◦C)

δTin,IHX,CT
Measurement uncertainty of experimental heat carrier fluid temperature at
internal heat exchanger inlet of cold tank (◦C)

δTin,IHX,HT
Measurement uncertainty of experimental heat carrier fluid temperature at
internal heat exchanger inlet of hot tank (◦C)

δTout,CT
Measurement uncertainty of experimental heat carrier fluid temperature at
cold tank outlet (◦C)

δTout,HT
Measurement uncertainty of experimental heat carrier fluid temperature at
hot tank outlet (◦C)

δTout,IHX,CT
Measurement uncertainty of experimental heat carrier fluid temperature at
internal heat exchanger outlet of cold tank (◦C)

δTout,IHX,HT
Measurement uncertainty of experimental heat carrier fluid temperature at
internal heat exchanger outlet of hot tank (◦C)

δTCT,t0

Measurement uncertainty of arithmetic average of experimental heat carrier
fluid temperatures at four distinct heights inside cold tank at initial time t0 (◦C)

δTCT,tf

Measurement uncertainty of arithmetic average of experimental heat carrier
fluid temperatures at four distinct heights inside cold tank at initial time tf (◦C)

δTHT,t0

Measurement uncertainty of arithmetic average of experimental heat carrier
fluid temperatures at four distinct heights inside hot tank at initial time t0 (◦C)

δTHT,tf

Measurement uncertainty of arithmetic average of experimental heat carrier
fluid temperatures at four distinct heights inside hot tank at initial time tf (◦C)

δVin,FC
Measurement uncertainty of measured volumetric flowrate exiting tank and
entering fan coil (m3/s)

δVin,IHX,CT
Measurement uncertainty of measured volumetric flowrate at inlet of internal
heat exchanger of cold tank (m3/s)

δVin,IHX,HT
Measurement uncertainty of measured volumetric flowrate at inlet of internal
heat exchanger of hot tank (m3/s)

ρ Density of heat carrier fluid inside tank (kg/m3)
∆TErr,i Difference between predicted and measured temperature (◦C)

Appendix A
Table A1 reports the values of the AE and ABE (defined, respectively, using

Equations (3) and (4)) for each of the six outputs associated with each of the 28 ANN
models against the training database. The cells reporting the best and worst performances
within each row are shaded, respectively, in green and red to facilitate the comparison.

Table A2 reports the values of the MSE and RMSE (defined, respectively, using
Equations (5) and (6)) for each of the six outputs associated with each of the 28 ANN
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models against the training database. The cells reporting the best and worst performances
within each row are shaded, respectively, in green and red to facilitate the comparison.

Table A1. Average error and average absolute error for each of the 6 outputs associated with the
28 ANN models against the training database.
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ANN1 8 1 −9 −15 0 13 −1 4 8 7 10 8 12 8

ANN2 8 2 4 3 4 29 18 16 8 9 10 8 19 5

ANN3 8 4 56 62 51 −23 −149 44 11 9 11 10 23 7

ANN4 8 6 8 20 20 7 15 8 11 11 12 12 21 9

ANN5 12 1 −48 −38 −80 −67 −100 −64 6 6 10 5 17 5

ANN6 12 2 37 18 −54 185 290 −57 13 8 12 11 17 10

ANN7 12 4 6 −16 20 21 18 51 16 15 14 14 26 11

ANN8 12 6 31 55 29 28 10 24 16 13 14 15 23 13

ANN9 16 1 72 60 42 44 136 62 8 7 12 8 18 8

ANN 10 16 2 12 1 17 3 21 19 13 13 15 11 25 11

ANN 11 16 4 −466 −936 −307 −2227 −1548 −607 16 18 17 26 34 15

ANN 12 16 6 833 −715 −908 −2512 864 −1236 25 17 25 30 37 20

ANN 13 20 1 −299 −65 23 −88 −100 −138 10 10 13 9 24 9

ANN 14 20 2 −16 −17 −50 −15 −7 −19 11 13 14 12 22 9

ANN 15 20 4 43 37 39 47 5 41 12 13 15 16 26 11

ANN 16 20 6 352 237 344 467 481 103 14 14 15 14 27 13

ANN 17 24 1 −37 −44 −42 −10 −12 8 9 9 12 9 23 10

ANN 18 24 2 −83 −81 −101 −100 −72 −77 10 11 11 11 21 6

ANN 19 24 4 120 102 189 39 79 −13 12 12 14 11 23 9

ANN 20 24 6 1675 589 −1420 1639 213 232 28 21 23 26 37 17

ANN 21 28 1 −30 −38 −39 −53 −38 −47 8 7 8 8 21 5

ANN 22 28 2 45 17 50 8 −103 5 10 12 11 11 21 6

ANN 23 28 4 991 2260 3342 −603 1453 −35 20 34 40 24 41 16

ANN 24 28 6 −98 6 −28 61 −101 −47 12 12 12 13 21 6

ANN 25 32 1 407 489 88 464 5 466 11 12 13 11 25 12

ANN 26 32 2 −200 699 1498 −43 1513 675 24 16 23 19 32 16

ANN 27 32 4 518 −131 −130 129 182 14 32 28 23 24 41 23

ANN 28 32 6 −187 −137 −16 −161 −14 −221 13 15 13 13 22 8

Table A3 reports the values of the NRMSE and R2 (defined, respectively, using
Equations (7) and (8)) for each of the six outputs associated with each of the 28 ANN
models against the training database. The cells reporting the best and worst performances
within each row are shaded, respectively, in green and red to facilitate the comparison.

Table A4 reports the values of the AE, ABE, MSE, RMSE, NRMSE, and R2 (defined
by Equations (3)–(8)) upon varying the type of training experiment for the HT. The blank
cells in this table correspond to the physically irrelevant measurements of each individ-
ual experiment. The green shading in this table has been given to the cells associated
with the best performance for each line, while the red shading has been assigned to the
worst performances.
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Table A2. Mean square error and root mean square error for each of the 6 outputs associated with the
28 ANN models against the training database.
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ANN1 8 1 15 13 20 12 42 15 12 12 14 11 20 12

ANN2 8 2 18 21 45 13 133 7 13 15 21 12 36 8

ANN3 8 4 29 20 38 21 190 13 17 14 19 14 44 11

ANN4 8 6 32 97 47 55 776 34 18 31 22 23 88 18

ANN5 12 1 9 8 46 5 130 5 9 9 21 7 36 7

ANN6 12 2 130 26 40 25 148 47 36 16 20 16 38 22

ANN7 12 4 116 135 92 159 495 70 34 37 30 40 70 27

ANN8 12 6 300 80 264 166 298 469 55 28 51 41 55 68

ANN9 16 1 14 12 59 15 174 14 12 11 24 12 42 12

ANN 10 16 2 138 104 260 82 405 111 37 32 51 29 64 33

ANN 11 16 4 88 134 119 186 450 56 30 37 35 43 67 24

ANN 12 16 6 192 180 494 383 839 122 44 42 70 62 92 35

ANN 13 20 1 32 30 92 30 268 30 18 17 30 17 52 17

ANN 14 20 2 27 37 83 35 241 21 16 19 29 19 49 15

ANN 15 20 4 63 70 135 102 490 61 25 27 37 32 70 25

ANN 16 20 6 556 589 478 308 1612 251 75 77 69 55 127 50

ANN 17 24 1 23 23 69 20 301 25 15 15 26 14 55 16

ANN 18 24 2 20 26 70 28 253 7 14 16 26 17 50 9

ANN 19 24 4 128 68 102 120 233 46 36 26 32 35 48 22

ANN 20 24 6 463 255 273 268 756 220 68 51 52 52 87 47

ANN 21 28 1 14 11 59 13 241 7 12 10 24 11 49 8

ANN 22 28 2 29 111 221 55 273 7 17 33 47 23 52 8

ANN 23 28 4 281 575 392 579 876 571 53 76 63 76 94 76

ANN 24 28 6 71 183 184 299 358 52 27 43 43 55 60 23

ANN 25 32 1 44 52 91 46 296 50 21 23 30 21 54 22

ANN 26 32 2 112 127 412 138 342 246 33 36 64 37 58 50

ANN 27 32 4 324 213 209 302 706 344 57 46 46 55 84 59

ANN 28 32 6 165 328 462 438 617 344 41 57 68 66 79 59

Table A5 reports the values of the AE, ABE, MSE, RMSE, NRMSE, and R2 (defined
by Equations (3)–(8)) upon varying the type of training experiment for the CT. The blank
cells in this table correspond to the physically irrelevant measurements of each individ-
ual experiment. The green shading in this table has been given to the cells associated
with the best performance for each line, while the red shading has been assigned to the
worst performances.

Table A6 describes both the eight independent training tests as well as the two inde-
pendent verification tests in terms of total duration, sampling interval, number of samples
per operating mode, and the starting and ending day/time.
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Table A3. Normalized root mean square error and coefficient of determination R2 for each of the
6 outputs associated with the 28 ANN models against the training database.
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ANN1 8 1 3 3 3 3 5 3 0.9999991 0.9999993 0.9999990 0.9999993 0.9999981 0.9999988
ANN2 8 2 3 3 5 3 8 2 0.9999990 0.9999989 0.9999977 0.9999992 0.9999940 0.9999995
ANN3 8 4 4 3 4 4 10 3 0.9999984 0.9999989 0.9999981 0.9999988 0.9999914 0.9999990
ANN4 8 6 4 7 5 6 19 5 0.9999982 0.9999949 0.9999977 0.9999967 0.9999650 0.9999973
ANN5 12 1 2 2 5 2 8 2 0.9999995 0.9999996 0.9999977 0.9999997 0.9999942 0.9999996
ANN6 12 2 9 4 5 4 8 5 0.9999927 0.9999987 0.9999980 0.9999985 0.9999933 0.9999963
ANN7 12 4 8 9 7 10 16 7 0.9999935 0.9999930 0.9999954 0.9999905 0.9999777 0.9999945
ANN8 12 6 13 7 12 10 12 17 0.9999832 0.9999958 0.9999869 0.9999901 0.9999866 0.9999632
ANN9 16 1 3 3 6 3 9 3 0.9999992 0.9999994 0.9999971 0.9999991 0.9999921 0.9999989

ANN 10 16 2 9 8 12 7 14 8 0.9999922 0.9999946 0.9999871 0.9999951 0.9999817 0.9999913
ANN 11 16 4 7 9 8 11 15 6 0.9999951 0.9999930 0.9999941 0.9999889 0.9999797 0.9999956
ANN 12 16 6 11 10 16 15 20 9 0.9999892 0.9999906 0.9999755 0.9999771 0.9999622 0.9999904
ANN 13 20 1 4 4 7 4 11 4 0.9999982 0.9999984 0.9999954 0.9999982 0.9999879 0.9999976
ANN 14 20 2 4 5 7 5 11 4 0.9999985 0.9999980 0.9999959 0.9999979 0.9999891 0.9999983
ANN 15 20 4 6 6 9 8 15 6 0.9999964 0.9999963 0.9999933 0.9999939 0.9999779 0.9999952
ANN 16 20 6 18 18 16 14 28 13 0.9999688 0.9999692 0.9999763 0.9999816 0.9999273 0.9999803
ANN 17 24 1 4 4 6 3 12 4 0.9999987 0.9999988 0.9999966 0.9999988 0.9999864 0.9999980
ANN 18 24 2 3 4 6 4 11 2 0.9999989 0.9999986 0.9999965 0.9999984 0.9999886 0.9999994
ANN 19 24 4 9 6 7 9 11 5 0.9999928 0.9999965 0.9999949 0.9999928 0.9999895 0.9999964
ANN 20 24 6 16 12 12 13 19 12 0.9999740 0.9999866 0.9999864 0.9999840 0.9999659 0.9999828
ANN 21 28 1 3 2 6 3 11 2 0.9999992 0.9999994 0.9999971 0.9999992 0.9999891 0.9999995
ANN 22 28 2 4 8 11 6 12 2 0.9999984 0.9999942 0.9999890 0.9999967 0.9999877 0.9999995
ANN 23 28 4 13 18 14 19 21 19 0.9999842 0.9999699 0.9999805 0.9999654 0.9999605 0.9999552
ANN 24 28 6 6 10 10 13 13 6 0.9999960 0.9999904 0.9999909 0.9999821 0.9999839 0.9999959
ANN 25 32 1 5 5 7 5 12 6 0.9999975 0.9999973 0.9999955 0.9999973 0.9999867 0.9999961
ANN 26 32 2 8 8 15 9 13 12 0.9999937 0.9999933 0.9999796 0.9999918 0.9999846 0.9999807
ANN 27 32 4 14 11 11 13 19 15 0.9999818 0.9999888 0.9999896 0.9999820 0.9999682 0.9999730
ANN 28 32 6 10 14 16 16 17 15 0.9999907 0.9999828 0.9999770 0.9999739 0.9999722 0.9999730

Table A4. Statistical metrics for the ANN5 configuration of the hot tank upon varying the training
experiments.

Metrics Parameter Cooldown
Test

Charging
Test

Discharging
Test

Simultaneous Discharging
and Charging Test

AE·10−4 (◦C)

THT1 −15 43 −64 4

THT2 −22 52 −78 2

THT3 −30 38 −53 −19

THT4 −38 51 −72 8

Tout,IHX,HT 41 −6

Tout,HT −58 −2

ABE·10−3 (◦C)

THT1 6 6 7 5

THT2 6 8 8 3

THT3 5 11 7 29

THT4 5 7 7 4

Tout,IHX,HT 20 45

Tout,HT 6 4
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Table A4. Cont.

Metrics Parameter Cooldown
Test

Charging
Test

Discharging
Test

Simultaneous Discharging
and Charging Test

MSE·10−5 (◦C2)

THT1 5 14 14 4

THT2 5 16 10 1

THT3 4 197 10 122

THT4 5 12 8 2

Tout,IHX,HT 629 242

Tout,HT 7 3

RMSE·10−3 (◦C)

THT1 7 12 12 6

THT2 7 13 10 4

THT3 7 44 10 35

THT4 7 11 9 5

Tout,IHX,HT 79 49

Tout,HT 8 6

NRMSE·10−4

THT1 3 5 7 16

THT2 3 5 6 10

THT3 3 19 6 107

THT4 3 5 5 10

Tout,IHX,HT 30 220

Tout,HT 5 13

R2

THT1 0.9999986 0.9999948 0.9999926 0.9999058

THT2 0.9999987 0.9999940 0.9999937 0.9999627

THT3 0.9999989 0.9997075 0.9999938 0.9950490

THT4 0.9999987 0.9999947 0.9999946 0.9999401

Tout,IHX,HT 0.9976147 0.9900936

Tout,HT 0.9999962 0.9999272

Table A5. Statistical metrics for the ANN5 configuration of the cold tank upon varying the training
experiments.

Metrics Parameter Heat-Up Test Charging
Test

Discharging
Test

Simultaneous Discharging
and Charging Test

AE·10−4 (◦C)

TCT1 −6 −16 12 12

TCT2 −3 −12 55 −4

TCT3 1 −10 18 0

TCT4 −2 −13 50 −11

Tout,IHX,CT −16 6

Tout,CT 13 10

ABE·10−3 (◦C)

TCT1 8 4 4 4

TCT2 7 4 6 7

TCT3 5 7 7 15

TCT4 5 3 5 2

Tout,IHX,CT 12 21

Tout,CT 3 3

MSE·10−5 (◦C2)

TCT1 19 2 2 2

TCT2 12 3 5 8

TCT3 6 12 7 35

TCT4 5 2 7 1

Tout,IHX,CT 38 71

Tout,CT 3 2
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Table A5. Cont.

Metrics Parameter Heat-Up Test Charging
Test

Discharging
Test

Simultaneous Discharging
and Charging Test

RMSE·10−3 (◦C)

TCT1 14 5 5 5

TCT2 11 6 7 9

TCT3 8 11 9 19

TCT4 7 4 8 3

Tout,IHX,CT 19 27

Tout,CT 5 4

NRMSE·10−4

TCT1 11 5 5 16

TCT2 11 6 7 25

TCT3 8 11 9 65

TCT4 8 4 8 11

Tout,IHX,CT 34 112

Tout,CT 5 13

R2

TCT1 0.9999857 0.9999943 0.9999963 0.9999033

TCT2 0.9999876 0.9999919 0.9999927 0.9997063

TCT3 0.9999924 0.9999724 0.9999890 0.9986572

TCT4 0.9999934 0.9999958 0.9999900 0.9999649

Tout,IHX,CT 0.9994188 0.9981574

Tout,CT 0.9999957 0.9999411

Table A6. Total duration, sampling interval, number of samples, starting/ending date/time of the
independent training and verification databases.

Test Description
Total

Duration
(min)

Sampling
Interval

(s)

Number
of Samples

Starting Date- Time
(dd/mm/yyyy)-

(hh:mm:ss)

Ending Date- Time
(dd/mm/yyyy)-

(hh:mm:ss)

Four training
tests for the HT

Natural cooldown
experiment 7559.0 60 7560 13/04/2022- 11:43:35 18/04/2022- 17:28:27

Charging experiment 403.0 5 4837 05/05/2022- 09:25:02 05/05/2022- 16:13:30
Discharging experiment 312.0 5 3745 11/04/2022- 13:18:38 11/04/2022- 18:34:23

Simultaneous
discharging/charging

experiment
337.0 5 4045 12/04/2022- 12:15:28 12/04/2022- 17:57:27

Four training
tests for the CT

Natural heat-up experiment 7699.0 60 7700 09/05/2022- 18:24:08 15/05/2022- 02:43:38
Charging experiment 529.5 5 6355 06/05/2022- 09:38:29 06/05/2022- 18:35:26

Discharging experiment 233.0 5 2797 20/04/2022- 15:03:12 20/04/2022- 18:59:51
Simultaneous

discharging/charging
experiment

331.0 5 3973 21/04/2022- 13:10:36 21/04/2022- 18:46:47

Verification test
for the HT 540.0 5 6480 10/11/2022- 09:00:00 10/11/2022- 18:00:00

Verification test
for the CT 540.0 5 6480 15/11/2022- 09:00:00 15/11/2022- 18:00:00
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